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SUMMARY  III 

SUMMARY 

 

Lameness is an important health problem causing severe welfare deteriorations and economic 

losses up to € 53 per cow per year in dairy cattle. Timely detection and treatment can help to 

minimize economic losses and preserve cow welfare. Current visual detection methods are 

labor intensive, subjective, and require training to allow detection of subtle changes in a cow’s 

gait. As a result, the problem is underestimated in practice, and lameness is often detected in 

a late stage when losses have already run high. Due to further intensification in the dairy 

sector, the amount of time available for monitoring individual animals will keep decreasing. 

This implies that more objective and less time consuming methods are desirable. Automatic 

lameness detection systems can be a solution, and may enable early detection and treatment. 

However, no truly cost-efficient systems are currently available on the market. The 

development and market introduction of existing systems is being held up by the unknown 

economic value and maximum investment cost of such systems, and the lack of knowledge on 

the potential adoption rate and farmers’ preferences concerning lameness detection 

performance and system cost. Promising results have been reported, but prototypes are often 

costly and some are difficult to implement in existing dairy barns, whereas their detection 

performance still seems insufficient for use in practice.  

 

Therefore, in this PhD research, user-centric design criteria for further development of existing 

prototypes into market-ready lameness detection systems were derived. It was investigated 

which factors influence economic value, and how this economic value can be quantified for 

specific farms and systems. Farmers’ preferences for the detection performance and cost of  

an automatic lameness detection system were investigated using a choice-experiment. 

Simultaneously, the effect of providing extra information on lameness and its consequences 

on farmers’ preferences was investigated. The gathered information was used to define how 

system developers could use this information to further develop existing prototypes, and to 

get an idea on the current adoption potential of automatic lameness detection in the Flemish 

dairy sector. The derived design criteria were implemented in a walkover pressure mat 

(Gaitwise) by lowering the system cost and spatial requirements to increase the ease of 

implementation in practice. In addition, new automatically measured gait variables that 

describe cow gait were derived from this sensor and used to develop improved individual 

lameness detection algorithms.  

 

Analysis of the economic value indicated several knowledge gaps that impede accurate 

economic value calculations. Especially the effect of early detection and treatment on the 

economic losses caused by lameness and the unknown system lifespan were important 

unknown drivers for economic value. System-specific and farm-specific information was 

incorporated to account for the fact that system cost and detection performance as well as  

herd size can influence the economic value of a lameness detection system substantially. 

Automatic lameness detection systems proved capable of generating positive economic value 

under the assumptions made to estimate the economic value.  
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The choice experiment led to the conclusion that Flemish dairy farmers prefer systems that 

miss few lame cows with a low number of false alarms at a low cost. Systems capable to 

indicate which leg is lame were preferred over systems that did not have this feature. Flemish 

dairy farmers were willing to pay more for a system with better detection performance. In 

general, visual detection was still preferred over automatic detection, except by farmers who 

already have experience with automatic estrus detection systems. It was concluded that the 

detection performance should be sufficiently high for farmers to consider investing in an 

automatic lameness detection system. Providing extra information on lameness influenced 

farmers’ preferences positively, implying that awareness raising actions can improve the 

future adoption rate of automatic lameness detection systems. Also, the adoption can be 

supported by making systems cheaper, and by improving their detection performance.  
 

It was shown that the Gaitwise sensor can be shortened from 4.88 to 3.28 meter to decrease 

the system cost and increase the ease of implementation in existing dairy barns. The sensor 

resolution can be lowered without affecting the lameness detection performance to reduce 

system cost further, resulting in an estimated total cost reduction of 83 %. New variables 

describing how cows distribute their weight in time, and how within-stance times change as a 

result of lameness were derived. The new variables indeed differed between non-lame and 

lame cows, implying that they can be interesting to use in lameness detection algorithms.  
 

Finally, a new monitoring setup was built, and daily automatic measurements were executed 

with a walkover pressure mat (Gaitwise) to allow for the development of new detection 

algorithms with higher detection performance. The influence of environmental factors that 

affect cow gait, such as darkness and slipperiness of the walking surface, was reduced as much 

as possible. In a first step, a detection model based on group thresholds was developed, 

resulting in a detection performance (sensitivity of 39 % and specificity of 76 % on validation 

data) which was considered insufficient for use in practice. Cows were often distracted during 

measurements. As a result, gait patterns of non-lame and lame cows could not easily be 

differentiated. Secondly, cow gait was monitored individually, but due to many missing and 

failed measurements the measurement success rate was only 27.6 %. Therefore, it was not 

possible to develop well-working individual detection algorithms. Nevertheless, suggestions 

were formulated to improve sensor implementation and data collection in the future to allow 

for better individual monitoring. Suggestions included keeping the number of obstacles and 

distractions as low as possible, and motivating cows to walk at a sufficiently high pace.  
 

Finally, clear guidelines were provided to support further development and adoption of 

automatic lameness detection systems in practice. Drivers for economic value should be 

investigated further to allow for more accurate estimation of the economic value, which can 

subsequently be used to define development goals. The economic value can be increased by 

lowering system cost and improving detection performance, and by integration of the used 

technologies with other health monitoring systems. Furthermore, it is important to investigate 

which preventive and other lameness-reducing measures should be incorporated in good 

lameness management. 



  V 

SAMENVATTING 

 

Kreupelheid is een van de belangrijkste gezondheidsproblemen bij melkkoeien en leidt tot een 

verlaagd dierenwelzijn en grote economische verliezen tot € 53 per koe per jaar. Tijdige 

detectie en behandeling kunnen helpen om economische verliezen te minimaliseren en het 

welzijn van de koe te garanderen. De courant gebruikte visuele detectiemethode is echter 

arbeidsintensief en subjectief, en vereist scholing van de observator om de vaak subtiele 

veranderingen in het stappatroon van een koe op te merken. Daardoor wordt het probleem 

onderschat in de praktijk, en wordt het probleem dikwijls pas in een later stadium 

gedetecteerd wanneer de economische verliezen al hoog opgelopen zijn. Door de toename in 

bedrijfsgrootte kan steeds minder tijd gespendeerd worden aan het observeren van 

individuele dieren, waardoor objectievere en minder tijdrovende detectiemethoden steeds 

wenselijker worden. Automatische kreupelheidsdetectiesystemen kunnen hiervoor een 

oplossing bieden door vroegtijdige detectie en behandeling mogelijk te maken. Bij de start van 

dit onderzoek waren geen kostenefficiënte systemen beschikbaar, omdat zowel de 

ongekende economische meerwaarde en maximale investeringskost voor dergelijke 

systemen, als het potentiele adoptieniveau en de voorkeuren van melkveehouders 

betreffende de performantie en prijs van zo’n systemen ongekend waren. Recent ontwikkelde 

prototypes leken veelbelovend, maar de kostprijs hiervan lag dikwijls hoog, en de 

implementeerbaarheid in bestaande stallen en de performantie moesten verbeterd worden 

om deze systemen bruikbaar te maken in de praktijk. 

 

In dit doctoraatsonderzoek werden daarom designcriteria bepaald voor de verdere 

ontwikkeling van bestaande prototypes tot praktijkrijpe kreupelheidsdetectiesystemen. Er 

werd nagegaan welke factoren de economische meerwaarde beïnvloeden, en hoe deze 

meerwaarde kan ingeschat worden voor specifieke bedrijven en systemen. Via een keuze-

experiment werden melkveehouders bevraagd naar hun voorkeuren betreffende de 

performantie en kostprijs van een detectiesysteem. Gelijktijdig werd het effect van 

sensibilisering op de voorkeuren van de melkveehouder onderzocht via het verstrekken van 

extra informatie over kreupelheid en de bijhorende consequenties. Op basis hiervan werd 

nagegaan hoe systeemontwikkelaars deze informatie kunnen gebruiken bij de verdere 

ontwikkeling van bestaande prototypes, en wat het adoptiepotentieel was van automatische 

kreupelheidsdetectiesystemen in de Vlaamse melkveehouderij. Er werd getracht deze criteria 

te implementeren in een druksensitieve loopmat door de kostprijs te verlagen en de 

implementeerbaarheid van het systeem te verhogen. Daarnaast werd onderzocht of de 

performantie kon verbeterd worden door nieuwe, automatisch opgemeten variabelen die het 

looppatroon van de koe beschrijven te gebruiken in verbeterde individuele 

detectiealgoritmen. 

 

Analyse van de economische meerwaarde toonde aan dat verschillende kennishiaten een 

accurate berekening bemoeilijkten. Vooral het effect van vroegtijdige detectie en behandeling 

op de economische verliezen door kreupelheid en de ongekende levensduur van een systeem 
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bleken belangrijk te zijn. Daarnaast werd rekening gehouden met de performantie van het 

systeem, en systeem-specifieke en bedrijfsspecifieke informatie zoals de bedrijfsgrootte en de 

kostprijs, omdat deze de meerwaarde sterk beïnvloeden. Op basis van een aantal aannames 

bleek dat automatische detectiesystemen een positieve meerwaarde kunnen genereren.  

 

Op basis van een keuze-experiment werd duidelijk dat melkveehouders een voorkeur hebben 

voor systemen die weinig manke koeien missen en weinig valse alarmen geven tegen een lage 

kostprijs. Systemen die kunnen aangeven welke poot mank is, werden verkozen boven 

systemen zonder deze eigenschap. Vlaamse melkveehouders waren bereid meer te betalen 

voor een systeem met betere performantie. In het algemeen werd visuele detectie verkozen 

boven automatische detectiesystemen, behalve door melkveehouders die reeds ervaring 

hadden met tochtdetectiesystemen. Hieruit werd geconcludeerd dat de detectieperformantie 

voldoende hoog moet zijn alvorens melkveehouders de aanschaf van een automatisch 

kreupelheidsdetectiesysteem overwegen. Het verstrekken van extra informatie beïnvloedde 

de interesse van melkveehouders positief, wat betekent dat sensibilisatie de adoptie van 

automatische kreupelheidsdetectie in de praktijk kan bevorderen. Daarnaast kan de adoptie 

ook bevorderd worden door systemen goedkoper te maken, en de detectieperformantie te 

verhogen.  

 

Uit het onderzoek bleek ook dat de Gaitwise-sensor kan ingekort worden van 4.88 naar 3.28 

meter om de kostprijs te verlagen en de implementeerbaarheid in bestaande stallen te 

verbeteren. Ook de sensorresolutie kan verlaagd worden om de kostprijs te verlagen zonder 

de performantie negatief te beïnvloeden, resulterend in een geschatte totale kostreductie van 

83 %. Nieuwe stappatroon-variabelen werden afgeleid die omschrijven in welke mate een koe 

stijf of voorzichtig stapt en welke poten samen contact maken met de grond gedurende een 

bepaalde tijdsspanne. Deze variabelen bleken inderdaad te verschillen tussen koeien met een 

verschillende kreupelheidsstatus, en zijn bijgevolg interessant voor gebruik in betere 

detectiealgoritmen.  

 

Finaal werd een nieuwe monitoringsopstelling gebouwd en werden dagelijkse metingen 

uitgevoerd met het Gaitwise-systeem om data te verzamelen voor het ontwikkelen van 

detectiealgoritmen met een hogere performantie. Hierbij werd getracht de invloed van 

omgevingsfactoren die het looppatroon kunnen beïnvloeden, zoals het effect van duisternis 

of een gladde ondergrond, zoveel mogelijk te beperken. In een eerste stap werd een 

detectiemodel op groepsniveau ontwikkeld, wat resulteerde in een onvoldoende hoge 

performantie voor gebruik in de praktijk (sensitiviteit van 39 % en specificiteit van 76 % met 

validatiedata). Dit was het gevolg van het feit dat koeien dikwijls afgeleid waren gedurende 

de meting, waardoor niet-manke koeien een sterk variërend stappatroon vertoonden met als 

resultaat dat het stappatroon van manke koeien moeilijker te onderscheiden was van dat van 

niet-manke koeien. In een tweede stap werd getracht het looppatroon van individuele koeien 

te monitoren. Door de vele ontbrekende en onbruikbare metingen, resulterende in slechts 

27.6 % succesvolle metingen, was het echter niet mogelijk degelijke individuele 

detectiealgoritmen te ontwikkelen. Niettemin werden suggesties geformuleerd om de 
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implementatie van de sensor en de dataverzameling in de toekomst te verbeteren en 

zodoende betere individuele opvolging mogelijk te maken. Hierbij moet ervoor gezorgd 

worden dat koeien zo weinig mogelijk hindernissen en afleidingen ondervinden, en 

gemotiveerd zijn om aan een voldoende hoog tempo door te lopen. 

 

Toekomstig onderzoek kan de gepresenteerde resultaten aanwenden ter bevordering van de 

verdere ontwikkeling en adoptie van automatische kreupelheidsdetectiesystemen in de 

praktijk. Factoren die de economische meerwaarde van dergelijke systemen beïnvloeden, 

dienen verder te worden onderzocht om een accuratere inschatting mogelijk te maken. De 

economische meerwaarde kan verder verhoogd worden door het verlagen van de kostprijs en 

het verhogen van de performantie, en via integratie van de gebruikte technologieën met 

andere gezondheids-monitoringsdoeleinden. Verder onderzoek is nodig om uit te zoeken hoe 

preventieve en andere maatregelen die het voorkomen van kreupelheid verminderen, kunnen 

gecombineerd worden met automatische detectie om een degelijk kreupelheids-

management te bekomen.  
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1.1 DAIRY FARMING CHALLENGES 

 

The world population is expected to increase to 9 billion by 2050 (United Nations, 2015), 

entailing major challenges for food production worldwide. Per capita incomes are expected to 

increase as well (FAO, 2009), implying a simultaneous growth of the demand for more 

expensive food products such as livestock and dairy products (Steinfeld et al., 2006; Thornton, 

2010). Concurrent nutrition transitions are ongoing in Asian developing countries, entailing a 

transition from a fairly monotonous diet of locally grown food sources with little meat towards 

a more diverse diet with more pre-processed food and animal products (Popkin et al., 2012). 

As a result, the global demand for milk and milk products will increase (Steinfeld et al., 2006; 

Thornton, 2010; Alexandratos and Bruinsma, 2012). At the same time, an evolution towards a 

more sustainable milk production is necessary to preserve natural resources and tackle 

climate change (Capper et al., 2009; Garnett, 2009; de Boer et al., 2011). As animal welfare is 

becoming more and more important in modern society, dairy farmers have to ensure high 

welfare standards for their animals. Worldwide commodity prices, including milk prices, are 

more and more under pressure. As a result, farmers have to cope with highly volatile milk 

prices, and hence a highly volatile income. Recent crises in the dairy market together with the 

rapidly declining number of dairy farms worldwide indicate the need for a more sustainable 

farm profitability. Given these co-evolutions, the dairy sector has to be highly innovative.  

 

One of the main sustainability challenges is the frequent occurrence of health problems in 

highly productive dairy cows. Fertility problems, mastitis and lameness are rife. As health 

problems entail stress and possibly pain, they affect not only the welfare of the cows, but also 

their productivity. As such, one of the most important management tasks of the farmer is to 

reduce the occurrence of health problems to a minimum. Currently, lameness is one of the 

most important health problems with large detrimental effects on both cow welfare and 

productivity (O'Callaghan, 2002; Booth et al., 2004; Bruijnis et al., 2010). Therefore, many 

researchers focus on lameness in order to increase knowledge on cow gait, detection 

methods, treatments, and lameness consequences on cow welfare and farm profitability 

(Leach et al., 2010a; Rutten et al., 2013; Van Nuffel et al., 2015d). A large part of these studies 

is directed to lameness detection and the issues it entails. Research revealed that timely 

recognition and treatment of lame cows in order to prevent large economic losses and welfare 

deteriorations poses a major challenge for modern dairy farmers (Rutherford et al., 2009; 

Alawneh et al., 2012a; Fabian et al., 2014).  

 

1.2 THE LAMENESS PROBLEM 

 

Lameness is one of the most important health problems because of its large detrimental 

effects on cow welfare and farm profitability. For Belgium, no estimates of the cost of 

lameness in dairy cattle are available. In the UK, national lameness costs were first estimated 

at £ 54 million a year (£ 68 per lameness case) (Bennet and Ijpelaar, 2003), and later up to £ 

128 million per year (£ 323 per case or £ 67 per cow on the farm) (Willshire and Bell, 2009). In 
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Iowa, lameness costs were estimated at nearly $ 103 million annually ($ 478 per case or $ 143 

per cow on the farm) (Shearer, 2010). Such significant financial losses worldwide indicate the 

need for solutions to reduce lameness occurrence and minimize its impact through early 

detection and treatment. 

 

Lameness can be defined as an altered locomotion intended to relieve or reduce pain caused 

by painful disorders, which are often located at the hooves (Logue et al., 1993; Murray et al., 

1996). Such alterations in locomotion can arise suddenly or develop slowly. Especially in the 

latter case, gait alterations due to lameness may be difficult to detect. Currently, visual 

lameness detection by locomotion scoring is the most used method to detect lameness. A 

plethora of different locomotion scoring systems exists (Whay, 2002), but clear definitions of 

lameness indicators or scoring categories are not always present (Van Nuffel et al., 2015c). In 

practice, farmer knowledge on such scoring systems and lameness indicators may be limited. 

As a result, farmers do not always detect lameness cases, leaving them untreated and causing 

significant losses and welfare deteriorations (Leach et al., 2010a). Visual lameness detection 

is time-consuming (Alawneh et al., 2012a), while the time available to spend on individual 

cows is decreasing with increasing herd sizes (Bewley et al., 2001; Alawneh et al., 2012a; 

Alsaaod et al., 2012). As such, visual lameness detection is rather problematic in practice, and 

will become even more problematic in the future if no solutions to the abovementioned issues 

are provided.  

 

Along with the increasing adoption of technology in dairy farming, several new sensor 

technologies to automatically detect lameness have been developed in the last decade 

(Rutten et al., 2013; Van Nuffel et al., 2015d). However, so far none of these prototypes has 

been developed into a truly cost-efficient detection system, and only one has been introduced 

into commercial dairy farming. Up to now, most of the research on these systems focused on 

the development of sensing and measuring techniques, and on the interpretation of gathered 

data (Rutten et al., 2013). However, economic information, advice formulation and decision 

support still have to be integrated. It is therefore important to find out how further 

development and adoption of automatic lameness detection systems into daily dairy practice 

can be stimulated. Van Nuffel et al. (2015b) identified the unknown economic value, 

unidentified preferences of farmers and the unknown potential adoption rate of automatic 

lameness detection systems in practice as the main issues hampering practical 

implementation. In combination with the continuous search for high performant detection 

algorithms and expensive high-tech sensor systems that require a lot of barn space, 

aforementioned issues may be causing a hold-up in the development and adoption of 

automatic lameness detection systems. These issues should be addressed to allow prototype 

development into fully functioning, reliable systems useful for the farmer prior to market 

introduction. Therefore, these issues will be discussed in more detail in the following section. 
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1.3 ISSUES IN THE ADOPTION OF AUTOMATIC LAMENESS DETECTION  

 

Dairy farmers will only invest in technology if they are convinced of the added value and return 

on investment. Therefore, economic value estimations should be made prior to market 

introduction to quantify the usefulness and financial implications of automatic lameness 

detection at farm level (Banhazi et al., 2012). However, the large variety and complexity of 

determining factors complicates this economic value estimation.  

 

In technology development, a demand-driven approach is desired to reach higher probability 

of successful market introduction (Hogeveen and Ouweltjes, 2003). Since lameness is an 

underestimated problem, demands rising from practice are rather vague and undecided. This 

resulted in the lack of clear development goals for technology developers. Currently, they do 

not take into account what farmers expect from automatic lameness detection systems in 

terms of detection performance and investment and maintenance costs (Van Nuffel et al., 

2015d). However, farmer involvement would be useful, because these systems should meet 

farmers’ requirements. Since user-centric design is key to successful technology development 

and implementation, examining farmers’ preferences could help in defining development 

goals targeting well-adjusted systems that are useful to the farmer.   

 

Another issue stems from the high investment costs related to used sensor technologies and 

space requirements. Economic value of automatic detection systems partially depends on 

investment costs, implying that current high prices of some systems should be reduced prior 

to market introduction. Furthermore, alley-based setups require an extensive amount of free 

farm space often not available on commercial dairy farms, potentially requiring the farmer to 

change barn design or give up a number of cow places (Rutten et al., 2013; Van Nuffel et al., 

2015d). Possibilities to reduce the cost and spatial requirements of current prototypes should 

be considered in order to increase the applicability and profitability in existing dairy barns. 

 

Finally, the performance of existing detection system prototypes may need further 

improvement to be practically applicable on farm. As high numbers of missed lame cows and 

many false alerts would negatively affect farmers’ confidence in the system, the detection 

performance should meet the previously determined preferences. This implies a search for 

ways to improve performance, which may be found in defining new automatically measurable 

variables containing information on the cow’s lameness status (Van Nuffel, 2014), in 

combining sensor data with other available farm data, and in using other approaches to 

develop detection algorithms, such as individual cow monitoring rather than herd-based 

monitoring (Viazzi et al., 2013).  
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1.4 APPROACH TO TACKLE THESE ISSUES  

 

The aim of this PhD research was to support the development of automatic lameness 

detection systems and their introduction and adoption into commercial dairy farming. As 

indicated in the previous sections, several knowledge gaps exist, and many technical and 

practical challenges lie ahead. Therefore, the objective of this thesis is to provide guidance for 

further development and optimization of the existing prototypes into well-performing, well-

adopted and cost-efficient management support tools tailored to the dairy farmer.  

 

In order to achieve this objective, the previously stated issues are tackled in an attempt to 

relieve the apparent hold-up in the development. First, the complex system of drivers for 

economic value of automatic lameness detection systems is mapped, and a first estimation of 

the potential economic value in practice is made (Figure 1.1). For this purpose, three types of 

automatic detection systems are considered and compared with visual detection by the 

farmer: walkover systems, camera systems and cow-attached systems. Farmers’ preferences 

are investigated to involve farmers more during development, allowing development of 

systems tailored to and wanted by the farmers (Figure 1.1). Finally, technical development 

goals regarding system cost and performance are investigated, and a match is searched 

between the economic value, farmers’ preferences, and development goals in order to obtain 

design criteria useful for system developers to optimize existing prototypes towards cost-

efficient systems that are useful to the farmer and hence well-adopted (Figure 1.1).  

 

In a second, more technical part of this PhD, the results of these analyses are concretized in 

an attempt to implement the obtained design criteria for a walkover system, known as the 

Gaitwise. Previous research has shown that this walkover system has potential for automatic 

lameness detection on farm, but the high system cost, low ease of implementation on existing 

farms due to large spatial requirements, and insufficient detection performance hamper its 

use in commercial dairy farming. Therefore, its usefulness and cost-effectiveness should be 

improved to promote its use in practice. This system was chosen as a case study because of 

its high potential to increase the economic value by reducing the system cost, enhancing the 

ease of implementation in practice, and increasing the detection performance. A schematic 

overview of the holistic research approach combining technical, socio-psychological and 

economic factors is given in Figure 1.1. Keeping these objectives in mind, the general research 

questions to which an answer was sought for in this PhD research, can be summarized as 

follows: 

 

- Can the economic value of automatic lameness detection systems be estimated, given 

the complexity of the involved and often unknown factors? 

- Can farmers’ preferences for such detection systems be unraveled, and how do these 

preferences change as a function of the economic information the farmer disposes of? 

- What is the current adoption potential for automatic lameness detection systems? 
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- How can system developers account for the potential economic value and farmers’ 

preferences during development? 

- How can the obtained information be used to improve the cost-effectiveness and 

usefulness of a walkover system? 

 

With these research questions in mind, an overview of the current state of the art concerning 

automatic lameness detection systems is given in Chapter 2. Based on this review of the state 

of the art, research hypotheses and specific objectives are formulated. 

 

 

Figure 1.1. Schematic overview of the research approach in this PhD.  
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In this chapter, the state of the art in the dairy sector with respect to lameness occurrence 

and detection is reviewed. Starting from a short overview of the current situation in the dairy 

sector, the lameness problem and its consequences are discussed. Then, the main issues 

concerning lameness detection and automatic detection systems are identified with a focus 

on the issues which impede the adoption in practice. Finally, possible ways to support 

adoption are proposed, research hypotheses are stated and the objectives of this PhD 

research are formulated.  

 

2.1 MILK PRODUCTION IN PERSPECTIVE 

 

2.1.1 KEY FIGURES OF A CHANGING COW MILK PRODUCTION 

 

Worldwide cow milk production doubled from 314 million metric tons in 1961 to 638 million 

metric tons in 2013 as a result of growing dairy cow numbers and increased productivity due 

to improvements in advanced breeding and feeding technology (Eastridge, 2006; Shook, 2006; 

Steinfeld et al., 2006; FAOSTAT, 2016). The total world milk production is expected to grow 

further at a yearly rate of 1.3 % until 2030, and at a rate of 0.9 % between 2030 and 2050 due 

to an increasing world population and ongoing nutrition transitions (Alexandratos et al., 2006; 

Popkin et al., 2012). Despite these global production increases, a gradual decrease in the 

number of milk suppliers has been observed in many countries (Bewley et al., 2001; Cook, 

2003; Robertson and Wilson, 2007; Areal et al., 2012; Alvåsen et al., 2014; Sinclair et al., 2014; 

Barkema et al., 2015; Ragkos et al., 2015; Caja et al., 2016). These findings indicate a global 

evolution towards a high degree of specialization and scaling-up in the dairy sector. 

 

In Belgium, milk production accounted for 13 % of the total agricultural production value of  

€ 5,4 million in 2015, and hence represents an important economic sector in Belgian 

agriculture (Bernaerts and Demuynck, 2015). Milk production volumes have decreased 

between 1960 and 2008, but increased again from 2009 onwards (EUROSTAT, 2016). The 

average milk yield per cow increased from 3,700 kg to a current average yield of 7,235 kg per 

cow. Simultaneously, dairy cow numbers have been halved between 1960 and today, while 

the average size of specialized dairy farms increased (Belgian Federal Government, 2016b). 

Concurrently, milk delivery volume per supplier more than quadrupled between 1990 and 

2015, while the number of milk suppliers reduced by two thirds (BCZ, 2016). The Belgian dairy 

sector is thus evolving towards highly specialized, but fewer, dairy farms with larger herds and 

higher production levels.  

 

2.1.2 FARM PROFITABILITY IN A POST-QUOTA DAIRY MARKET 

 

In 1984, the European Union introduced a national quota system constraining milk production 

volume for each member country in an attempt to reduce the overproduction that led to the 

so-called ‘milk lakes’ and ‘butter mountains’ (Corron et al., 2007; Bouamra-Mechemache et 
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al., 2008; Areal et al., 2012). Each farmer was allocated a maximum allowed milk production 

volume, which limited possibilities for farmers to expand their operations, implying that profit 

margins could only be increased by reducing production costs and optimizing limiting factors 

on the farm. In 2015, the milk quota system was abolished (Bouamra-Mechemache et al., 

2008; de Frahan et al., 2011; McDonald et al., 2014; Samson et al., 2016). This abolishment 

has two important effects: Since 2008, European milk quota were expanded yearly by 1 % to 

allow a gradual increase of the milk production volume towards an unregulated European milk 

production volume in a ‘soft landing’ phasing out scenario (European Commission, 2012). 

From then on, European dairy farmers have been more exposed to milk price volatility on the 

international dairy market, as shown in Figure 2.1. (Jongeneel et al., 2011; van Winsen et al., 

2011; Van der Straeten et al., 2012). On top of that, production costs increased due to changed 

demands for other agricultural products such as roughage feed and concentrate feed, while 

milk price volatility increased due to the nutrition transition in Asia and the increasing 

internationalization and liberalization of trade (van Winsen et al., 2011; Van der Straeten et 

al., 2012). Therefore, farmers search new ways to cope with the effect of price volatility on 

farm profitability (Jongeneel et al., 2010). Secondly, after quota abolishment, farmers can 

increase farm income by increasing milk production and thus selling more milk (Van der 

Straeten and Deuninck, 2015). This increase is highly dependent on future milk prices, 

implying a continuing need to keep production costs low.  

 

 

Figure 2.1. Milk prices in Belgium and the EU-15 from 1977 to 2016, adapted from European Commission (2016) 
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Farmers have to increase farm profitability, or at least prevent a further decrease of their 

profitability in the post-quota dairy market. Given the increased price volatility of milk and 

agricultural products and associated small profit margins, farmers may find themselves 

challenged to accomplish this goal. McDonald et al. (2013) evaluated six management 

strategies farmers could use to prepare for a post quota dairy market and concluded that farm 

expansion would protect future farm profitability. However, farm expansion can be very costly 

due to large investments in barns, farm equipment and expensive farmland, leading to high 

capital repayments and interest rates. Considering high investment costs and potentially low 

financial reserves, keeping expansion costs low may prove challenging. On top of that, 

expansion may not always be possible due to policy restrictions or other limiting factors such 

as land or labor (O'Donnell et al., 2011; Samson et al., 2016). Therefore, expansion may not 

always be an ideal or possible strategy to keep farm income at an acceptable level. 

 

If dairy farmers want to be economically sustainable, high profit margins per kg milk produced 

should be pursued (Shook, 2006). Therefore, regardless of the chosen management strategy, 

production costs should be kept as low as possible (Areal et al., 2012; Van der Straeten, 2015). 

Fixed costs are difficult to reduce, and some variable costs such as feed costs are prone to 

price volatilities and hence difficult to control. To find out which costs can be reduced the 

easiest on the farm, farmers could assess farm profitability indicators. Looking at potentially 

reducible costs, health costs appear to be one of the highest avoidable costs. Indeed, health 

problems are one of the most important issues in modern dairy farming. Although production 

efficiency has improved drastically throughout the last decades, disease incidences have not 

(Ingvartsen and Moyes, 2013). Besides directly visible veterinary and treatment costs, health 

problems also entail production losses that cannot be easily deduced from farm profitability 

indicators, and are hence often not accounted for. As a result, the effect of health problems 

on farm profitability is often underestimated (Huijps et al., 2008; Bruijnis et al., 2010; Russell 

and Bewley, 2013). Therefore, estimating and reducing economic implications of health 

problems on farm profitability is necessary.  

 

2.2 HEALTH PROBLEMS IN PERSPECTIVE 

 

2.2.1 HEALTH PROBLEMS IN DAIRY CATTLE ARE A TOPICAL ISSUE  

 

Intensive selection for enhanced productivity has led to a deterioration in most functional 

traits (Boichard and Brochard, 2012). Especially in the Holstein breed, problems with female 

fertility, mastitis resistance, longevity, lameness and metabolic diseases are rife (Boichard and 

Brochard, 2012). Although genetic selection towards higher productivity is often held 

responsible for increased rates of health problems, causal relations are often less distinct. In 

this context, Fleischer et al. (2001) state that significant correlations do not necessarily prove 

causal relations and that the factors that are not considered in a study may influence the 

obtained results. Kelm et al. (2000) argue that any management practice that increases milk 

production will increase health problems due to increased stress levels. According to Gröhn 
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et al. (1995), lower yielding animals are more likely to be culled, explaining the proportionally 

greater risk for disease incidence in higher yielding cows. The actual cause of increased 

incidence of health problems is hence debatable. Nevertheless, the pursuit of high milk 

production resulted in a cow that requires extensive management to maintain adequate 

health, welfare and a high production level (Oltenacu and Broom, 2010). Maintaining cow 

health implies extensive costs for preventive and curative measures, which negatively impact 

farm profitability.  

 

2.2.2 THE MAIN HEALTH PROBLEMS IN MODERN DAIRY FARMING 

 

Fertility problems, mastitis and lameness are considered the most important health problems 

in dairy cows (Enting et al., 1997; Royal et al., 2000; Garbarino et al., 2004). While milk yield 

has been increasing in the past decades, fertility has been declining (Lucy, 2001; Pryce et al., 

2004; Dobson et al., 2007; Walsh et al., 2011). According to Bellows et al. (2002), reproductive 

problems in dairy cows cost $ 52 (€ 71 calculated to 2017 value) per cow per year, and are 

caused by abortions, stillbirths, dystocia, retained placenta, metritis and pyometra and failure 

to conceive. Costs for fertility problems are hence caused by losses due to an extended 

calving-conception interval, inseminations not leading to pregnancy, treatment costs, 

veterinary costs and missed milk yield revenues (Royal et al., 2000). Mastitis, in its turn, is 

considered one of the most costly diseases (Philipsson and Lindhé, 2003; Wolfová et al., 2006), 

and hence one of the most frequent reasons for involuntary culling. Quantifying costs of 

mastitis is difficult, as costs for subclinical mastitis may be partially hidden. Mastitis costs have 

been estimated at £ 19 (€ 30) (Kossaibati and Esslemont, 2000), € 62.3 (€ 73) (Wolfová et al., 

2006), and between € 65 (€ 77) and € 182 (€ 203) (per cow per year (Huijps et al., 2008). 

Lameness completes the top three health problems in dairy cows (Enting et al., 1997; Juarez 

et al., 2003), causing production losses due to fertility problems, reduced milk yield, treatment 

costs, and associated indirect costs caused by stress, which all combined can have a significant 

impact on farm profitability. Moreover, lameness causes severe welfare deteriorations for the 

affected cows, which are hard to express in monetary terms. Lameness costs have been 

estimated at £ 40 (€ 65) (Kossaibati et al., 1999) and $ 75 (€ 91) per cow per year (Bruijnis et 

al., 2010), making lameness one of the costliest problems in dairy cattle (O'Callaghan, 2002). 

Although it is difficult to rank these three health problems due to varying cost calculations and 

effects on cow welfare, it is clear that they affect farm profitability substantially.  

 

2.2.3 EFFECT OF HEALTH PROBLEMS ON FARM PROFITABILITY 

 

The combined cost estimates of fertility problems, mastitis and lameness may exceed 

veterinary costs mentioned in farm profitability indicators by far. This can be attributed to the 

fact that health problems entail an extensive number of other losses besides the directly 

noticeable prevention and treatment costs. Such losses are due to affected production factors 

such as fertility and milk production. These losses may run high and are often difficult to 

quantify due to interrelationships with other health problems. The actual total cost of a health 
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problem can hence easily be underestimated, thereby leaving the impact on farm profitability 

unnoticed. Therefore, avoiding health problems and their associated losses can positively 

influence profit margins and increase farm profitability, and simultaneously improve animal 

welfare. 

 

In practice, mastitis and fertility problems are well-known, as their direct consequences are 

more easily recognized. Farmers are relatively well aware of their implications on milk 

production, and hence have a lot of attention for these problems. Lameness and its 

consequences, however, are less visible (Leach et al., 2010a), or only become visible in an 

advanced stage. As a result, the occurrence of lameness is underestimated (Wells et al., 1993; 

Whay et al., 2002; Fabian et al., 2014), and lameness consequences are known and accounted 

for to a much smaller extent (Leach et al., 2010a). As such, there are still opportunities to 

improve lameness management, reduce costs and eventually improve farm profitability 

(Leach et al., 2010a; b). Taking advantage of these opportunities is a new challenge for the 

farmer, as will become clear in the following sections.  

 

2.3 THE LAMENESS PROBLEM IN PERSPECTIVE 

 

2.3.1 DEFINITION OF LAMENESS 

 

Lameness can be described as an alteration of a cow’s gait intended to relieve pain or 

discomfort mostly caused by a sore leg or claw. The actual cause can be very diverse, as 

lameness is a symptom caused by a wide range of different diseases, including but not limited 

to ulcers, white line defects, digital (Mortellaro) and interdigital dermatitis, horn erosion, horn 

overgrowth, underrun or double sole, abscesses, laminitis, hemorrhages, and phlegmons 

(Murray et al., 1996; Huxley, 2013; Egger-Danner et al., 2015). Most of these causes can be 

summarized as claw horn lesions and inflammatory alterations to the adjacent soft tissues 

(Murray et al., 1996). Approximately 90 % of all lameness cases are caused by a problem 

situated at the hooves (Logue et al., 1993; Murray et al., 1996; O'Callaghan, 2002; Shearer et 

al., 2005). Most of these claw problems (75 to 90 %) occur in the hind feet (Barkema et al., 

1994; Clarkson et al., 1996; Manske et al., 2002; O'Callaghan, 2002). Within this group, 65 to 

80 % (Clarkson et al., 1996; Murray et al., 1996) are located at the lateral claw due to the 

greater proportion of weight born by this outer claw (Raven, 1989). Some of the lameness 

causing lesions can be very painful, causing stress in the cow and affecting animal welfare, 

production efficiency and milk production volume. Most lameness cases therefore require 

treatment, which may be performed by the farmer, a hoof trimmer or a veterinarian.  
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2.3.2 LAMENESS OCCURRENCE IN PRACTICE   

 

The occurrence of lameness is mostly described using the incidence and prevalence on the 

farm. The incidence is given by the number of new lameness cases in the herd over a certain 

period (i.e. the number of new lameness cases per 100 cows per year). One lameness case 

could be denoted as the event where a cow becomes lame and remains lame for a certain 

time (i.e. the duration of lameness). Lameness prevalence is then expressed as the percentage 

lame cows in the herd at a given time of observation, and is most used to describe farm 

lameness status at a certain moment in time. Lameness is a common problem in modern dairy 

farming, with prevalences varying strongly between farms. In literature, prevalences between 

0 and 90 % have been reported from countries all around the world (Table 2.1). Conclusively, 

lameness is a serious problem with numerous affected dairy cows. The cited prevalences 

represent a snapshot in time only, as cases taking place earlier or later in the year are not 

accounted for at the time of observation (e.g. the cow was not lame at that time, but became 

lame a few weeks later). This means that the total number of lameness cases during one year 

(i.e. the incidence) is higher than the prevalences mentioned in literature, and that cows can 

suffer from more than one lameness case over the course of a year.  

 

Table 2.1. Lameness prevalences reported in various literature studies around the world 

Source Prevalence (%) Country 

Klaas et al. (2003) 5 – 28 Denmark 

Somers et al. (2003) 57.5 - 81 The Netherlands 

van der Waaij et al. (2005) 70 The Netherlands 

Espejo et al. (2006) 3.3 – 57.3 USA 

Bicalho et al. (2008) 23.3 USA 

Rutherford et al. (2009) 1.4 – 48.6 UK 

Leach et al. (2010a) 0 – 79 UK 

Green et al. (2010) 34.2 Chile 

Ito et al. (2010) 28.5 Canada 

Barker et al. (2010) 0 – 79.2 UK 

Archer et al. (2010b) 48 – 72 UK 

Sarjokari et al. (2013) 2 – 62 Finland 

Pérez-Cabal and Alenda (2014) 13.8 Spain 

Fabian et al. (2014) 1.2 – 36 New Zealand 

Somers and O'Grady (2015) 9 – 17 Ireland 

Solano et al. (2015) 0 – 69 Canada 

Solano et al. (2016) 1.7 – 89.6 Canada 

Burgstaller et al. (2016) 0 – 39.8 Austria 

King et al. (2016) 0 – 57.5 Canada 

Foditsch et al. (2016) 6-23 USA 

Higginson Cutler et al. (2017) 22 Canada 
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2.3.3 IMPLICATIONS ON ANIMAL WELFARE 

 

Animal welfare is becoming progressively more important in modern dairy farming (Blokhuis 

et al., 2000; Verbeke and Viaene, 2000; Clark et al., 2007). Instigated by growing ethical 

concerns about food production in public discussions and society, animal welfare has been 

incorporated in directives and standards worldwide, but binding legislation often lagged 

behind in the past (Mench, 2003). In 1998, the European Union defined a Council Directive on 

the protection of animals kept for farming purposes (European Union, 1998). More recently, 

several reports on dairy cow welfare have been published in order to spur further legislation 

and animal welfare research and increase awareness (USDA, 2007; EFSA, 2009b; a; FAWC, 

2009b; a; OIE, 2011). Although the dairy sector already focuses on cow welfare at the 

individual level (compared to the group level approach in pig and poultry production), the 

sector still has to overcome some challenges concerning cows’ welfare, as higher standards 

for animal welfare will be demanded in the future (Trevisi et al., 2006; von Keyserlingk et al., 

2009). Lameness is discussed explicitly in the abovementioned reports as a condition severely 

deteriorating welfare, thus indicating the demand to reduce the deterioration of cow welfare 

caused by lameness (Huxley, 2012). 

 

Lameness in dairy cattle can cause severe pain (Dyer et al., 2007; Rushen et al., 2007). As pain 

is one of the most crucial problems concerning animal welfare (de Boyer des Roches et al., 

2014), it should be avoided as much as possible. Therefore, despite of being appointed as the 

third main health problem, lameness is the most important welfare problem in dairy cattle 

(Whay et al., 2003). Lame dairy cows mask pain due to their stoic nature dictated by natural 

instincts coming from their roots as prey animals (O'callaghan et al., 2003; Anil et al., 2005; 

Hudson et al., 2008; Blackie et al., 2013). This was confirmed by Dyer et al. (2007), who found 

pain thresholds decreased by up to 30 % before alterations in gait are noticeable, implying 

that significant pain caused by subclinical lameness can be present without presence of gait 

alterations.  

 

According to Janssen et al. (2016), treatment can be painful as well, since therapeutic claw 

trimming of mildly lame and severely lame cows induces a more pronounced hormonal, 

metabolic, and behavioral stress response compared to functional trimming in non-lame 

cows. Combining corrective foot trimming with other pain reducing actions such as application 

of analgesics may be beneficial for the lame cow (Shearer et al., 2013). Lameness should be 

prevented or treated in an early phase when the lesion has not yet developed into such painful 

stage. In a recent study, 25 % of the farmers did not believe cows could suffer pain, although 

they do care for their cows (Bruijnis et al., 2013). Therefore, farmers should become more 

aware of the painful implications of lameness. 
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2.4 IMPLICATIONS ON PRODUCTION EFFICIENCY AND FARM PROFITABILITY 

 

2.4.1 REDUCED MILK YIELD 

 

Lameness influences farm profitability in multiple ways. As a first and most important 

consequence, milk production is often reduced. Milk production losses can occur from 

anywhere between four months before until five months after a cow was diagnosed clinically 

lame (Green et al., 2002; Archer et al., 2010b). Associated daily production losses have been 

investigated extensively with resulting losses varying from 0.5 to 5.5 kg per day (Enting et al., 

1997; Rajala-Schultz et al., 1999; Warnick et al., 2001; Onyiro et al., 2008; Archer et al., 2010b; 

Pavlenko et al., 2011; Reader et al., 2011; Randall et al., 2016). Total milk losses for a lameness 

case can hence vary from 160 to 574 kg per lactation (Green et al., 2002; Amory et al., 2008; 

Olechnowicz and Jaskowski, 2010; Huxley, 2013). In farms equipped with automatic milking 

systems, the number of visits to the robot is reduced when cows become lame (Klaas et al., 

2003; Borderas et al., 2008; Miguel-Pacheco et al., 2014), implying extra labor for the farmer, 

as lame cows have to be fetched for milking (Bach et al., 2007; Westin et al., 2016b).  

 

2.4.2 REDUCED FERTILITY 

 

Lameness induced pain and stress can affect fertility of dairy cows (Sprecher et al., 1997; 

Walker et al., 2008a). Lame cows can be reluctant to walk and become less active (Walker et 

al., 2008b; Kibar and Caglayan, 2016), and hence show less pronounced or no estrus behavior 

(Morris et al., 2011). As a result, correct estrus detection could be impeded, leading to no or 

incorrectly timed insemination. This in its turn implies no or deferred conception, implying an 

extended calving-to-conception interval. Additionally, lameness has been associated with 

delayed ovarian activity (Garbarino et al., 2004). Estrus intensity can be reduced by 50 %, and 

fewer lame cows ovulate compared to non-lame cows (Dobson et al., 2008). According to 

Garbarino et al. (2004), delayed ovarian cyclicity could be reduced by 71 % if lameness could 

be prevented. Combining aforementioned effects, calving-to-conception intervals can be 

increased by 14 to 40 days, and conception rates lowered by 8 to 9 % (Lee et al., 1989; 

Hernandez et al., 2001; Melendez et al., 2003). With the cost of an extra interval day estimated 

at € 0.57 to 0.70 (Inchaisri et al., 2010), $ 0 to 3 (Groenendaal et al., 2004) and £ 1.57 per day 

(Stott et al., 1999), delaying or missing an estrus can be expensive. In case a cow was 

inseminated but did not conceive as a result of lameness, costs for the insemination add to 

the total losses. Hence, avoiding fertility reductions caused by lameness can increase farm 

profitability. 
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2.4.3 INCREASED CULLING 

 

Lameness is one of the main reasons for culling dairy cows, especially when considering 

involuntary culling only (Sprecher et al., 1997; Booth et al., 2004). In the study of Sprecher et 

al. (1997), cows with a lameness score of 2 (mildly lame) or more (with 5 being severely lame 

cows) were 8.4 times more likely to be culled. Lameness was reported to be the incentive for 

culling in 5 to 16 % of all cullings (Garbarino et al., 2004; Dippel et al., 2009; Ahlman et al., 

2011). Also, the effect of lameness on other production factors, and hence indirectly on culling 

rates, should not be overlooked. For example, reduced fertility may lead to culling, although 

lameness may have been the underlying cause of reduced fertility. Hence, although fertility 

problems are the main cause for culling (Ahlman et al., 2011), part of these culls may actually 

indirectly be caused by lameness. As a result, culling rates due to lameness might be 

underestimated, because it might be difficult to assign a specific reason to the overall decision 

to cull a cow. 

 

Culling affects the replacement rate, because more fully grown heifers are needed to replace 

the culled cows. Raising healthy heifers is costly, with total rearing costs varying between  

$ 1,124 and $ 2,148 (Gabler et al., 2000; Heinrichs et al., 2013; Mohd Nor et al., 2015). Dairy 

farmers typically underestimate heifer rearing costs (Mohd Nor et al., 2015). According to 

Tozer and Heinrichs (2001), the total cost of rearing replacement heifers could be reduced $ 

1,000 to $ 1,500 per percent reduction in the annual culling rate in a herd of 100 cows. 

Furthermore, heifers produce up to 20 % less milk compared to multiparous cows (Esslemont, 

2005). Replacement heifers are thus costly and these costs are only partially recuperated by 

the selling price of the slaughtered cow ($ 450 according to Ettema and Santos (2004) or £ 

0.52 per kg live weight according to Stott et al. (2005)). On the other hand, higher culling rates 

allow faster genetic improvements, which can imply higher potential production levels of the 

replacement heifers. Nevertheless, taking all financial implications of culling into account, 

culling a cow influences farm profitability largely.  

 

2.4.4 OTHER ATTRIBUTED COSTS AND IMPLICATIONS 

 

Besides the aforementioned effects and their associated economic losses, lameness is 

responsible for several other costs and implications. Lame cows require treatment by a 

veterinarian, farmer or hoof trimmer, implying costs for materials, medicines and labor. 

Treatment also entails other additional work for the farmer, as the lame cow has to be fetched 

and may need extra care, or individual housing in a straw box for severe cases. Possible 

preventive measures taken on the farm may reduce lameness incidence, but are likely to imply 

extra costs. Another negative effect of lameness is the mental burden it may entail for the 

farmer. Farmers have to deal with animals that are in pain and showing signs of reduced 

welfare, and may hence feel guilty depending on their level of empathy (Leach et al., 2010b), 

thus affecting their own mental welfare. In addition, lameness is particularly nefarious for the 

image of the dairy sector due to its large consequences on animal welfare, which are less and 
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less tolerated in modern society. The economic losses potentially caused by such social 

implications are almost impossible to determine, and hence not included in lameness cost 

calculations. In some dairies, higher levels of animal welfare on the farm may be valued by 

assigning a premium to the delivered milk (Barnes et al., 2011). As lameness is one of the most 

important indicators for dairy cow welfare, such premiums may be not be assigned to farms 

with a high lameness prevalence. Failure to obtain these premiums reduces milk yield 

revenues and consequently affects farm profitability.  

 

2.4.5 TOTAL COSTS OF LAMENESS  

 

The previous sections evidence the large impact of lameness on farm profitability, making it 

one of the most important diseases in dairy cattle (Willshire and Bell, 2009). However, 

calculating total economic implications of lameness is difficult. The actual financial impact of 

lameness on fertility, milk production and culling rates is often inconclusive, due to the 

complexity of different problems affecting the same production factors. Moreover, other 

costs including reduced milk quality, reduced body condition, secondary diseases and 

unknown cost values of other implications that cannot be translated in financial losses are 

often not incorporated in cost calculations (Van Nuffel, 2014). Nevertheless, several studies 

attempted to estimate financial losses caused by lameness, as presented in the overview in 

Table 2.2. The presented estimates were converted to values in € representative for 2017 

(converted value between brackets) by first accounting for inflation rates and consecutively 

converting the value to € using the current currency rate (0.85720 for $, 1.13076 for £ and 

0.45378 for NLG). An online inflation calculator (FinanceRef, 2017) based on inflation data 

obtained from the US Bureau of Labor Statistics, the European Central Bank and the UK Office 

for National Statistics was used to calculate inflations. Estimation results vary strongly because 

of varying calculation approaches; losses were calculated for lameness in general, for 

subclinical or clinical lameness cases separately or for specific lesions. Also, the diversity of 

cost factors to account for is changing continuously, because more and more financial 

implications of lameness have been reported in the last decades. The values mentioned in 

Table 2.2 should be interpreted with caution, because changed market prices, currency 

changes, altered costs and different farm management and farm situations may have a large 

impact on the estimates (Archer et al., 2010a). For example, costs for reduced milk production 

may vary over time as a result of milk price volatility. The most included cost factors were milk 

yield deprivation, fertility problems, premature culling, treatment costs and labor costs. No 

estimates for lameness costs for Flanders or Belgium are available. Importantly, the cost for 

lameness monitoring, i.e. the cost of the detection method currently used by the farmer, was 

not included in cost calculations. As mentioned before, costs for health problems can easily 

be underestimated, especially if losses are not very obvious or visible. Farmers are therefore 

mostly unaware of the real cost of lameness (Whay et al., 2002; Leach et al., 2010a; b). 

  



CHAPTER 2: State of the art in automatic lameness detection in dairy cows 18 

Table 2.2. Summary of the reported estimates for the losses caused by lameness per cow in the herd per year, per 

lame cow or per case or lesion. Abbreviations were used as follows: sole ulcer (SU), digital dermatitis (DD), 

interdigital dermatitis (IDD), white line defect (WLD), foot rot (FR), subclinical lame cow (SC), clinical lame cow 

(C). Estimated values were converted to actual values (between brackets) in € to values representative for 2017. 

For values estimated before 1999, the currency rate of 2017 was used instead of that of the actual year.  

 
Loss per  

cow in the herd 

Loss per  

lame cow 

Loss per case per 

lameness cause 

Harris et al. (1988) $ 3 (€ 5) $ 43 (€ 76)  

Esslemont and Peeler (1993)   £ 392 SU (€ 851); 

£ 80 IDD (€ 174) 

Guard (1995); (Guard, 1996) $ 90 (€ 120)  $ 300 C (€ 401) 

Enting et al. (1997) NLG 50 (€ 32)  NLG 230 C (€ 147) 

Greenough et al. (1997)  $ 300 – 400  

(€ 392 – 523) 

 

Kossaibati and Esslemont (1997) £ 17 (€ 33)  £ 425 SU (€ 824); 

£ 213 DD (€ 412);  

£ 131 IDD (€ 254) 

Shearer (1998) $ 168 (€ 216) $ 327 (€ 421)  

Guard (1999) $ 76 (€ 96)   

Bennett and IJpelaar (2005)  £ 68 (£ 46 – 109)  

(€ 96 (73 – 173)) 

 

Ettema and Ostergaard (2006)  € 192 (€ 226)  

Guard (2008) $ 178 (€ 173) $ 469 (€ 457)  

Willshire and Bell (2009) £ 67 (€ 96) £ 323 (€ 462) £ 518 SU (€ 740); 

 £ 76 DD (€ 109);  

£ 154 IDD (€ 220); 

£ 300 WLD (€ 429) 

Cha et al. (2010)  $ 178 (€ 171) $ 216 SU (€ 208);  

$ 133 DD (€ 128);  

$ 121 FR (€ 116) 

Ettema et al. (2010)  € 192 (€ 210)  

Bruijnis et al. (2010) $ 75 (49 – 108) 

(€ 72 (47 – 104)) 

 $ 18 SC (€ 17);  

$ 95 C (€ 91) 

Shearer (2010) $ 143 (€ 138) $ 478 (€ 460)  

Liang et al. (2016)  $ 185 ± 64 a  

(€ 178 ± 56) 

$ 333 ± 69 b 

(320 ± 54) 

 

Hogeveen et al. (2016) € 39 – 124  

(€ 40 – 126) 

€ 111 – 198  

(€ 113 – 202) 

 

Charfeddine and Pérez-Cabal 

(2017) 

$ 103 (€ 88)  $ 53 – 232 SC  

(€ 45 – 199);  

$ 402 – 622 C  

(€ 345 – 533);  

$ 10.80 DD (€ 9.26);  

$ 50.9 SU (€ 43.6);  

$ 43.2 WLD (€ 37.0)  
a Primiparous cows  
b Multiparous cows  
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2.5 IMPLICATIONS ON SUSTAINABILITY AND ENVIRONMENT 

 

In the aforementioned sections, it has become clear that lameness affects the health, milk 

production volume and longevity of dairy cows. High longevity and a long length of productive 

life of a dairy cow are desirable (Tsuruta et al., 2005), especially when considering society’s 

growing demand for high animal welfare standards and high sustainability (Oltenacu, 2009). 

As lameness increases culling and replacement rates, and decreases production efficiency, 

fertility and animal welfare, it hampers high environmental, economic and social sustainability 

of the dairy sector (Place and Mitloehner, 2010). 

 

Emissions of greenhouse gasses (GHG) such as NH4, CO2 and NOx have been estimated to 

contribute 2.7 % to the global anthropogenic GHG emissions as result of milk production and 

milk transportation (FAO, 2010). In order to increase the environmental sustainability of the 

dairy sector and mitigate climate change, GHG emission reductions are necessary. Increasing 

cow longevity helps to mitigate GHG emissions by decreasing the replacement rate and 

increasing the milk production volume per cow (FAO, 2010; de Boer et al., 2011; Knapp et al., 

2014; De Vries, 2017). When cows have a higher longevity, GHG emissions per kg milk 

produced are lower because of the higher production volume of multiparous cows compared 

to first lactation cows, which is caused by the fact that a lower proportion of the consumed 

feed is needed for body maintenance energy (Weiske et al., 2006; Place and Mitloehner, 

2010). Fewer lactating cows are needed to produce the same amount of milk, thereby diluting 

the total farm maintenance energy cost over a larger milk volume (FAO, 2010). Also, fewer 

heifers are maintained on the farm, because of the lower replacement rate, thus decreasing 

GHG emissions. According to Weiske et al. (2006), an optimized lifetime efficiency could 

reduce GHG emissions of a dairy farm by up to 13 %. As such, reducing lameness prevalence 

on the farm can help to reduce GHG emissions and increase the environmental sustainability 

of the dairy sector. 

 

2.6 LAMENESS DETECTION  

 

2.6.1 LAMENESS MANAGEMENT IN PRACTICE 

 

Early detection and treatment can reduce lameness prevalence and its associated economic 

losses (Clarkson et al., 1996; Espejo et al., 2006; Sulayeman and Fromsa, 2012). Therefore, 

lameness management and detection should be optimized at farm level. Good lameness 

management consists of multiple aspects. First, prevention is an important aspect, as 

preventing lameness inhibits production losses and welfare deteriorations. Prevention can be 

done by tackling risk factors for lameness, such as improving cow comfort, preventing floors 

from becoming slippery, using footbaths and ensuring good cow body condition (Dippel et al., 

2009; Solano et al., 2015; Westin et al., 2016b). As some preventive measures can be costly or 

require large barn adaptations, implementation on the farm is not always possible. Another 
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way of preventing lameness is to perform regular functional claw trimmings aimed at keeping 

claws in good condition to prevent lesions caused by a suboptimal claw condition (van der Tol 

et al., 2004). Therefore, in practice, often two half-yearly whole-herd trimmings are routinely 

performed (Bruijnis et al., 2010).  

 

A second aspect is the detection of lame cows. In practice, farmers detect lameness visually 

by looking at their cows. Lameness prevalence and severity tend to be underestimated, as 

farmers do not identify 50 to 75 % of the lame cows on their farm (Whay et al., 2002; Espejo 

et al., 2006; Rutherford et al., 2009; Fabian et al., 2014). Such suboptimal detection affects 

the undertaken treatment actions, which is the third management aspect. Due to suboptimal 

detection, a proportion of lame cows remains undetected and untreated (Leach et al., 2010a; 

Bruijnis et al., 2013). This anomaly may be partially attributed to the visual detection method 

currently used by the farmer. The whole-herd claw trimmings are, however, partially curative, 

as some of the cows are actually lame at the time of routine trimming. Whether any additional 

curative trimmings of lame cows are performed in-between the scheduled trimmings strongly 

depends on the farmer, as the lameness has to be detected first. After visual detection, 

farmers may postpone treatment or simply neglect to treat lame cows in-between the whole-

herd trimmings. This hypothesis is supported by the results of Alawneh et al. (2012a), who 

reported that farmers treated only 75 % of the cows identified lame, and 65 % of these 

treatments were performed more than three weeks after first detection of the lameness.  

 

In conclusion, lameness management in practice can still be improved, but this requires that 

farmers become more aware of the problem and are encouraged to timely tackle lameness 

issues on their farm (Leach et al., 2010a; b). Although farmers indicated the intention to 

reduce lameness and improve claw health on their farm (Bruijnis et al., 2013), necessary 

management changes are not implemented due to the existing barriers including lack of time 

and labor, financial constraints, facilities, knowledge, and farmers being unaware of the 

magnitude of the lameness problem and its consequences on farm profitability and animal 

welfare (Leach et al., 2010a). To be successful, these management changes should be 

accompanied with improved detection methods, since visual lameness detection remains 

problematic, as will be elaborated in the following sections. 

 

2.6.2 CHALLENGES IN VISUAL LAMENESS DETECTION 

 

Lameness detection is often performed using visual locomotion scoring systems (Sprecher et 

al., 1997; Shearer et al., 2013). These scoring systems are based on visual observation of a 

walking cow by an observer, who looks for the presence of lameness indicators. Such lameness 

indicators are reduced walking speed, reduced step overlap, head bobbing, abduction, an 

arched back, stiff or tender walking, irregular gait or reluctance to bear weight on one or more 

legs (Winckler and Willen, 2001; Flower and Weary, 2006; Van Nuffel et al., 2015c). Visual 

detection is mostly performed in an alley that allows the cow to walk at a normal pace, while 

being guided if necessary. Gait scores obtained from observation by an expert are often used 
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as a reference for the true lameness status to assess the performance of other detection 

methods (cfr. Table 2.3) or to compare scoring results. Although this detection method is 

relatively easy to perform, it entails several disadvantages and issues.  

 

The use of visual scoring systems requires objectivity, diagnostic sensitivity and training, which 

may be compromised in practice (Wells et al., 1993; Winckler and Willen, 2001; Whay et al., 

2003; Mottram, 2016). Acceptable inter and intra observer repeatability can be obtained if 

observers are adequately trained (Engel et al., 2003; Brenninkmeyer et al., 2007; Garcia et al., 

2015). Identification standards used to discriminate between scoring categories are open for 

interpretation, which makes comparison of scoring results between observers difficult 

(Winckler and Willen, 2001). Furthermore, lack of a suitable alley to score walking cows can 

impede proper scoring. Slippery floors, the presence of an observer and cows not being used 

to temporary cow traffic regulation may prevent cows from walking naturally (Van Nuffel et 

al., 2015c). This could imply that cows mask pain due to their stoic nature, leading to 

potentially incorrect locomotion scores (Weary et al., 2009; Van Nuffel et al., 2015c).  

 

Well-performed visual lameness detection implies that the observer explicitly takes the time 

to focus on detecting lameness. In practice, farmers may not take time to score the whole 

herd. Lame cows would then mostly be noticed because the lameness was striking and caught 

the eye of the farmer, or because the farmer was looking at the cow and coincidentally noticed 

an abnormal gait as the cow walked by. In addition, it could be assumed that few farmers 

actually assign a locomotion score, and rather just decide whether a cow should be trimmed 

or not. This implies that many lame cows remain undetected (i.e. high FN in Table 2.3), while 

farmers would detect more lame cows (i.e. lower FN and higher TN) if they would take the 

time to perform gait scoring. This hypothesis is supported by the findings of Bell (2006), who 

found that farmers detected more lame cows if they performed gait scoring (i.e. reduced FN 

in Table 2.3). As such, it is not easy to determine which amount of labor time is actually 

allocated to current lameness detection in practice, which makes it difficult to quantify the 

cost of current lameness detection. Furthermore, farmers can become habituated to seeing 

lame cows, leading to undetected lameness cases (Leach et al., 2010a). 

 

2.6.3 IMPLICATIONS OF A CHANGING DAIRY SECTOR ON LAMENESS DETECTION 

 

Lameness detection in practice may be improved by training farmers to perform visual 

locomotion scoring. Nevertheless, the abovementioned issues would remain present, and 

visual locomotion scoring would remain time-consuming. As herd sizes are currently growing 

as a result of scaling up and intensification of the dairy sector, the ratio of animals to farm 

personnel increases, creating an even higher workload for the farmer or farm employee 

(Bewley et al., 2001; Lucy, 2001; Alsaaod et al., 2012). Consequently, the time a farmer can 

attribute to each individual animal decreases. This suggests that lameness detection and 

treatment will often be neglected or considered subservient to other tasks and hence 

postponed (Leach et al., 2010a). On the other hand, monitoring health problems in general 
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becomes more important to maintain and improve farm profitability, which demands time 

and labor from the farmer. As a result, adequate lameness detection tends to become even 

more problematic, possibly leading to even larger decreases in farm profitability. As the need 

to improve the current detection method grows, other methods to detect lameness may 

become more opportune (Green et al., 2002). An interesting alternative could be to install a 

sensor system that can automatically detect lame cows (de Mol and Woldt, 2001; Hogeveen 

and Ouweltjes, 2003; Borderas et al., 2008; Van Nuffel et al., 2015c; Nechanitzky et al., 2016).  

 

2.6.4. LAMENESS DETECTION PERFORMANCE 

 

A cow’s true lameness status is typically determined using visual observation performed by 

one or more trained observers. As such visual locomotion scores are subjective, reliability and 

repeatability are important. Several methods exist to test the scoring repeatability and 

reliability of visual expert scorings. The proportion of agreement (PA) is the most simple 

measure of observer agreement, as it can easily be calculated by dividing the number of 

agreements between the observers by the total number of observations (Martin et al., 1993; 

Schlageter-Tello, 2015): 

 

a d
PA

b c





  (2.1) 

 

Where a, b, c and d are the number of agreements and non-agreements as shown in Table 

2.3. 

 

Table 2.3. Confusion table of the number of agreements and non-agreements between two observers 

  Observer B 

  Non-lame Lame 

Observer A 
Non-lame a b 

lame c d 

 

 

Good agreement is obtained when the proportion of agreement is around 75 % (Burn and 

Weir, 2011). However, this measure can be misleading because it is only representative for 

the majority portion of the population sample (e.g. non lame) (Kaufman and Rosenthal, 2009; 

Schlageter-Tello, 2015). The kappa coefficient (κ), known as Cohen’s kappa, corrects for this 

issue by taking the possibility of agreements obtained by chance into account, and can be 

calculated as (Cohen, 1960; Byrt et al., 1993): 
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Where p0 is the relative observed agreement (PA) among the observers (i.e. accuracy), pe is 

the hypothetical probability of chance agreement, N is the number of observations, k the 

number of categories and nki  the number of times each observer scored an observation in 

category k. In case an ordinal classification is used, kappa should only be used for binary lame 

or non-lame classifications and not for multilevel ordinal classifications (Schlageter-Tello, 

2015). As such, kappa is sometimes wrongly used in studies on cow lameness (Schlageter-

Tello, 2015). Kappa values can be classified according to the values proposed by Landis and 

Koch (1977) with κ < 0 poor agreement, 0.01 < κ < 0.20 slight agreement, 0.21 < κ < 0.40 fair 

agreement, 0.41 < κ < 0.60 moderate agreement, 0.61 < κ < 0.80 substantial agreement and 

0.81 < κ < 1.00 near perfect agreement. In case agreement between certain scoring classes is 

more important than for other classes, a weighted kappa can be calculated to weigh the 

proportion of agreement (Cohen, 1968): 
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Where pij are the observed probabilities, eij (= piqj) the expected probabilities and wij the 

weights. Kappa corrects for chance agreement, but is affected by observer bias and the 

prevalence of the scored characteristic (i.e. the lameness prevalence) (Byrt et al., 1993; Sim 

and Wright, 2005; Viera and Garrett, 2005). Therefore, Byrt et al. (1993) suggested to also 

include quantitative indicators of bias and prevalence alongside reported kappa values. 

Although a lot of criticism exists against the use of kappa, Vach (2005) stated that the 

dependence of kappa on the prevalence is not as important as suggested in literature. 

Nevertheless, the prevalence adjusted bias adjusted kappa (PABAK) was proposed to correct 

for the prevalence and observer bias (Byrt et al., 1993): 

 

02 1PABAK P    (2.5) 

 

Where P0 is the relative observed agreement (PA) among the observers. PABAK values below 

0.4 are unsatisfactory, between 0.4 and 0.6 acceptable, between 0.6 and 0.8 good or 

satisfactory and above 0.8 very good (March et al., 2007). 

 

Several values for the PA, kappa and PABAK have been published in literature concerning 

visual lameness detection in dairy cows. Percentages agreement mentioned in literature vary, 

as values of 66 % (O'callaghan et al., 2003), 68 % (Winckler and Willen, 2001) and 83.9 to 96.8 

% (Main et al., 2010) have been found. Barker et al. (2010) found kappa values varying 

between 0.67 and 0.93 for paired observers, whereas Gibbons et al. (2014) found a kappa of 

0.77, and Hoffman et al. (2013) reported  a kappa value of 0.72 to 0.80. Weighted kappa values 
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of 0.57 to 0.68 (Hoffman et al., 2013) and 0.45 to 0.48 (Bicalho et al., 2007) have been 

mentioned in literature. Garcia et al. (2014) reported weighted kappa values of 0.39 and 0.30 

for intra-observer agreement, and an inter-observer weighted kappa of 0.81. PABAK values 

have been calculated in a few studies such as those of Brenninkmeyer et al. (2007) and 

Hoffman et al. (2013). Comparison of PA, kappa or PABAK values amongst different studies 

should be performed with care, as agreement coefficients derived from scorings using 

different scoring systems can result in different agreement coefficient values (Viera and 

Garrett, 2005), as shown in the studies of Garcia et al. (2014) and Hoffman et al. (2013). 

 

The true lameness status as determined by visual locomotion scoring is used as a golden 

standard in the development of automatic lameness detection systems. Therefore, the 

performance of these systems depends on the accuracy of this golden standard, i.e. on the 

aforementioned reliability and repeatability. Although much effort is put into determining this 

reference by either regular live scoring or scoring of videos of walking cows by trained experts, 

visual locomotion scoring remains subjective, as illustrated in the previous paragraph. Such 

gait scores are hence more a silver standard than a golden standard, implying that the 

accuracy of gait scoring affects the maximum accuracy and detection performance of any 

automatic detection system based on such reference. For automated lameness detection 

methods, the detection performance is often expressed in terms of the accuracy, precision, 

sensitivity and specificity of the detection algorithm. 
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where  

 

TN = number of true negatives (correctly classified non-lame cows); 

TP = number of true positives (correctly classified lame cows); 

FN = number of false negatives (incorrectly classified lame cows); 

FP = number of false positives (incorrectly classified non-lame cows). 

 

These performance metrics are typically reported for a classification system in the form of a 

confusion matrix, as illustrated in Table 2.4.  
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Table 2.4. Confusion matrix of a lameness detection algorithm output 

  Predicted status 

  Non-lame Lame 

True status 
Non-lame TN FP 

Lame FN TP 

 

Another way to present the performance is to derive the receiver operating characteristic 

curve (ROC), which can be created by plotting the sensitivity (i.e. the true positive rate, TPR) 

against the false positive rate (FPR, calculated as 1-specificity) at various threshold settings. 

From the ROC, the area under the curve (AUC) can be calculated, which is a number between 

0 and 1 representing the goodness of a predictor in a binary classification problem. 

 

2.7 AUTOMATIC LAMENESS DETECTION 

 

In the past decades, many research studies have focused on the development of automated 

systems to detect lameness in dairy cattle. According to Rutten et al. (2013), these studies 

focused on developing measuring techniques and interpreting gathered data, while 

integration of other (e.g. economic) information and decision making was not yet assessed. A 

wide range of measurable variables and sensor techniques has been explored, resulting in a 

vast amount of scientific literature and several automatic detection system prototypes. The 

most used sensor techniques can be divided into three categories depending on the type of 

sensor system: walkover systems, camera systems and cow-attached systems. These 

categories and the proposed lameness detection algorithms will be described in the following 

sections.  

 

2.7.1 COW-ATTACHED SYSTEMS 

 

Pedometer and accelerometer systems 

 

In modern dairy farming practice, cow-attached systems are frequently used to automatically 

detect estrus (Holman et al., 2011; MacKay et al., 2012; Saint‐Dizier and Chastant‐Maillard, 

2012). Such commercially available systems often consist of a leg- or neck-mounted 

accelerometer, or a pedometer attached to one of the cow’s legs. Pedometers provide data 

on the activity of a cow based on counting steps, whereas accelerometers provide more 

information on cow behavior based on measured accelerations. Since lameness can cause 

behavioral changes (Juarez et al., 2003; Walker et al., 2008b; Gomez and Cook, 2010), several 

studies have been performed using pedometer and acceleration data to derive variables 

useful for automated lameness detection.  

 

In many research studies, lame cows were found to be less active (O'callaghan et al., 2003; 

Thorup et al., 2015) and lay down more during a day compared to non-lame cows (Ito et al., 
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2010; Blackie et al., 2011a; Blackie et al., 2011b; Yunta et al., 2012; Navarro et al., 2013; Kokin 

et al., 2014). However, contradictory results have been found on how the number of lying 

bouts and average duration of one lying bout change. Calderon and Cook (2011) found that 

lame cows had more lying bouts, whereas Westin et al. (2016a) found that lame cows had 

fewer, but longer lying bouts. According to Thorup et al. (2015), early signs of lameness could 

be detected based on activity data. Mazrier et al. (2006) stated that not all lameness cases are 

accompanied by reduced activity, suggesting that lameness detection algorithms based on 

activity measures may not be able to detect all lame cows. Measured acceleration patterns 

also differ between lame and non-lame cows (Scheibe and Gromann, 2006; Pastell et al., 

2009), but the obtained data may be different depending on the place (leg, neck or back) of 

device attachment (Mottram and Bell, 2010; Chapinal et al., 2011). Several detection 

algorithms were developed based on accelerometer data (Table 2.5). Alsaaod et al. (2012) 

obtained a detection accuracy of 76 %, while Martiskainen et al. (2009) developed a lameness 

detection algorithm with a sensitivity of 65 to 79 % and specificity of 66 to 79 %. Miekly et al. 

(2012) used cow activity derived from commercially available pedometers (GEA Farm 

technologies, Bönen, Germany) to detect lameness using CUSUM charts, but their results 

indicated that activity on its own is not sensible enough to detect lameness consistently.   

 

Several accelerometer systems have been validated for their ability to correctly measure cow 

activity or behavior related variables (Higginson et al., 2010; Ledgerwood et al., 2010; Nielsen 

et al., 2010; Borchers et al., 2016). The viability of the technology to measure cow behavior 

seems proven, and multiple informative variables such as the number of steps per hour, 

walking speed, lying and walking time and the number of lying bouts can be derived from data 

gathered with these systems. However, several studies indicated the need for further research 

to develop better detection algorithms before accelerometer systems can be applied in fully 

automated lameness detection systems (Martiskainen et al., 2009; Miekley et al., 2012; 

Thorup et al., 2015).  

 
Table 2.5. Detection performance of lameness detection algorithms based on cow-attached systems. No measures of observer 

agreement or model AUC were mentioned in the cited literature. 

Source Accuracy Sensitivity Specificity # cows 
Sensor 

technique 

Measured 

parameter 

Alsaaod et al. 

(2012) 

76 % 80 % 74 % 62 pedometers activity 

Martiskainen et al. 

(2009) 

> 80 % 65 – 79 % 66 – 79 % 30 accelerometers acceleration, 

behavior 

Miekley et al., 

(2012) 

6.7 – 9.4 % 47.2 – 63.5 % 85.5 % 237 accelerometers activity 

 

Indoor positioning systems 

 

Indoor positioning systems have been suggested as potentially useful for monitoring cow 

movement (Huhtala et al., 2007). Positioning data can be used to derive variables such as the 

cow’s walking speed and measures of her movements during the day (e.g. covered distance), 
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which are informative animal health indicators (Asikainen et al., 2013). Several positioning 

systems were validated for their ability to track cows, including the ABATEC system (ABATEC 

Electronic Systems, Regau, Austria) (Gygax et al., 2007), CowView (GEA Farm Technologies, 

Bönen, Germany) (Richard et al., 2015; Tullo et al., 2016) and Tracklab (Noldus Information 

Technology, Wageningen, Netherlands) (Frondelius et al., 2014), which is based on the 

Ubisense positioning system (Ubisense Gmbh, Düsseldorf, Germany) (Porto et al., 2014; 

Backman et al., 2015). Similarly, several custom local positioning systems have been 

developed and tested (Pourvoyeur et al., 2006; Huhtala et al., 2007; Tøgersen et al., 2010). 

Most of these studies found acceptable accuracy to monitor individual cow movement. They 

concluded that positioning systems can be useful to develop models capable of predicting 

physiological and pathological cow states such as estrus, disease and lameness, and to develop 

early warning systems. Development and validation of indoor positioning systems for dairy 

cattle are still ongoing. However, no reports were found on lameness detection algorithms 

based on positioning data.  

 

 Use of cow-attached systems in practice 

 

Cow attached systems require no extensive adaptations to barn design nor the need to give 

up animal places. They are easy to install and extend when herd size increases. Almost no 

maintenance is required in normal circumstances. However, cow-attached systems require an 

electrical power source in the form of batteries, which have a limited lifespan (Gygax et al., 

2007; Frondelius et al., 2014), implying the need for battery replacement. Replacing batteries 

may not always be possible, and should rather be avoided due to the high workload it imposes 

for the farmer (Guarino et al., 2017), meaning that system lifespan may be determined by 

battery lifespan, and could hence be rather low. Moreover, high sampling rates may be 

needed to derive useful data for lameness detection (Alsaaod et al., 2017), which negatively 

affects battery lifespan. Hence, low battery lifespan still remains an important issue (Asikainen 

et al., 2013; Guarino et al., 2017). Cow-attached systems can be more expensive for larger 

herds, as they require a device for each cow, making initial investments substantial (Holman 

et al., 2011). This may be less important if the system is also usable for estrus detection. 

Furthermore, cow-attached systems require cow handling and restraining in order to attach 

the system, thus costing money for labor of the farmer. Attachment should be performed with 

caution to prevent injuries due to too tight attachment (Nielsen et al., 2010). Research shows 

that the tag does not alter lying behavior after a habituation period (Gibbons et al., 2012), 

which could take up to two days after attachment, resulting in a temporary decrease in lying 

times (MacKay et al., 2012). Harsh indoor environments with high moisture, dust, gasses and 

ammonia are detrimental for electronics, implying that robust, durable, but also ergonomic 

casings are needed that do not hinder normal cow behavior. The extensive use of concrete 

and iron in the construction of the barn could disturb wireless signals, making the barn 

environment challenging (Huhtala et al., 2007). In case cows are pastured, problems could 

arise with tags being out of reach of the antennas. Also, high sampling rates generate large 

data streams, which are either saved on a carrier such as an SD-card (Alsaaod et al., 2015), or 

transmitted wirelessly. Saving data on carriers without wireless file transfer is not applicable 
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on the farm, as it would entail a high workload for the farmer. Wireless file transfer in contrary, 

may imply high power consumption, thus again affecting battery and system lifespan 

negatively. 

 

2.7.2 WALKOVER SYSTEMS 

 

Walkover systems consist of load cells that measure forces exerted by the leg on the ground, 

or pressure sensitive sensor mats with a grid consisting of small sensors that measure the 

pressure and position of the claw on the ground in an XY-grid. Initially, these sensors were 

only used to get more insight in the way claws exert pressure on the ground and how reaction 

forces vary in time and between legs or cows. This allowed to assess and describe different 

aspects related to cow locomotion, going from the effects of claw trimming on cows’ gait to 

walking surface assessment and, eventually, lameness detection.  

 

Pressure sensitive sensor mats 

 

The Footscan® pressure sensitive position mat (RSscan International, Paal, Belgium) was used 

to assess pressure distribution under the claw (van der Tol et al., 2002; 2003), leading to the 

recommendation that functional claw trimming should divert body weight pressure to the 

strongest part of the hoof, being the claw wall (van der Tol et al., 2004). Almeida et al. (2007) 

used a Footscan pressure mat and found that a reduction of the load on lame limbs can be 

monitored objectively by assessing peak vertical symmetry of contralateral legs. As such, these 

results suggest that the pressure distribution between all four legs could be an informative 

parameter for automatic lameness detection. However, no reports were found on the use of 

this sensor in an automatic lameness detection system. 

 

Maertens et al. (2011) developed a similar sensor system, which they named the Gaitwise, 

based on a pressure sensitive sensor used in human medicine (Gaitrite, CIR Systems Inc., NJ, 

USA). The sensor surface consists of 48 x 384 individual sensors with a resolution of 1.27 x 

1.27 cm, forming a total sensor surface of 61 x 488 cm. Sensor imprinting is measured at a 

frequency of 60 Hz, during which the location of the respective sensor in the length and width 

is recorded, together with the time and the pressure level relative to the maximum pressure 

level in one of eight levels. The sensor surface is covered with a vinyl topping, which was not 

suitable for use on the farm as such. Therefore, the sensor mat was incorporated in a 

watertight envelope of EPDM rubber. The encapsulated sensor was then placed on a carrier 

construction consisting of two supporting I-beams, steal gratings, steel plates, Quickstep 

unisound foil and a smooth rubber. The system was topped with a commercially available 

hammered rubber to provide sufficient grip for the cows (Figure 2.2). Aluminum diamond 

plates were folded as a clamp to hold everything in place and to protect the sensor’s 

electronics (Maertens et al., 2011).  
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Figure 2.2. Detailed illustration of the measurement zone of the Gaitwise system from bottom to top. Galvanized 

steel profiles (2 x IPE 120, 6 m, grey in top figure) and gratings (6 x 1 m²), Quickstep unisound (2 mm blue in top 

figure), stainless steel sheets (3 x 2m² x 1 mm, black in top figure), smooth rubber (4 mm, green in top figure), 

Gaitrite sensor (Cir Systems, Inc.) with sealing (EPDM) (red in top figure), rubber (10 mm, green in top figure) with 

hammered top surface for skid resistance, aluminum diamond plate (5 mm, black in top figure) folded as clamps 

to secure the rubber cover and protect the electronics. Source: Maertens et al. (2011). 

 

The system was incorporated in a setup placed at the exit of the milking parlor in order to 

monitor cows’ gait twice a day right after milking, which was done to avoid any influences of 

the udder filling. A roof was installed to prevent rainfall on the sensor, and additional lighting 

was added to allow cows to walk confidently before sunrise and after sunset (Figure 2.3). A 

selection gate was installed at the beginning of the measurement zone and remained closed 

for one minute to prevent that other cows could enter the measurement setup after a cow 

passed the selection gate. This way, individual measurements for each cow were obtained. 

Cows were fed after being milked and passing the measurement setup (Figure 2.4). 

 

 

Figure 2.3. Illustration of cows walking on the measurement setup with the Gaitwise system (indicated with red 

arrow). Source: Maertens et al. (2011). 
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Figure 2.4. Ground plan of the situation of the measurement setup at the dairy barn. Source: Maertens et al. 

(2011)  

 

Data acquisition was regulated by a custom written software script. In-between two milkings, 

the software checked every minute whether it was time for the next milking (at 5 a.m. or 3 

p.m.). When milking time arrived (lasting for four hours), the sensor was initialized, after which 

the software script checked whether the selection gate was closed or not. If the gate was 

closed, the measurement was started and gait data were recorded. After data analysis, the 

software checked whether it was still milking time. If so, the software script checked every 

20 ms whether the selection gate was closed or not. If the selection gate was not closed, 

milking time was checked again. After all milked cows passed the setup and milking time was 

over, the cow IDs were added to the recorded data. Because of the high degree of automation, 

no observers were present in the area around the setup, and cows were at ease. This way, 

cows could walk at their own chosen pace, and were assumed to demonstrate lameness well.  
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Figure 2.5. Schematic overview of the design of the software script. Source: Maertens et al. (2011) 

 

With this system, spatiotemporal variables describing the gait pattern of a walking cow were 

derived and used in a lameness detection system. Overall sensitivities of 76 to 90 % and 

specificities of 86 to 100 % were obtained (Table 2.5). Van Nuffel et al. (2013) found a high 

repeatability of the Gaitwise measurements and concluded that variables describing the 

inconsistency of walking within one measurement were informative for detecting cows that 

are becoming lame. Later on, Van Nuffel et al. (2015a) showed that these inconsistency 

variables can outperform basic spatiotemporal gait variables, resulting in a detection model 

with 88 % sensitivity and 87 % specificity. The Gaitwise system was also used to assess the 

influence of cow- and environment related factors on cows’ gait pattern. A dark environment 

during night and wet floors resulted in shorter, more asymmetrical steps with less step overlap 

(Van Nuffel et al., 2015b). Older cows were found to walk more asymmetrical, and lactation 

stage and gestation stage affected gait as well, presumably due to the presence of a heavy calf 

hampering normal gait. Further research is necessary to investigate other possible influencing 

factors in order to better understand cow gait and allow improvement of lameness detection 

models (Van Nuffel et al., 2015b).  

 

Load cells 

 

Numerous studies using load cells have been performed, resulting in a number of measurable 

variables containing information on a cow’s lameness status. As one of the first using load 

cells, Scott (1989) found that the maximum vertical force of a lame limb was often reduced, 

and accelerative and decelerative forces were altered in both lame and non-lame limbs of 

lame cows. Later on, Rajkondawar et al. (2002) developed a reaction force detection system 
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that could potentially be useful for automated lameness detection.  After comparing different 

models, Rajkondawar et al. (2006) concluded that automatic, objective lameness detection is 

feasible, and a commercially available lameness detection system was developed 

(StepMetrixTM, Boumatic, Madison, Wisconsin, USA). Bicalho et al. (2007) found a high 

specificity between 85.3 and 94.5 % of the StepMetrixTM system, but a rather low sensitivity 

with values varying between 20.4 and 35.2 %. Subsequently, Liu et al. (2009) found that 

StepMetrixTM sensitivity can be increased by applying B-spline transformations on the 

explanatory variables (Table 2.6). In a later study, Liu et al. (2011) hypothesized that 

compensatory mechanisms, in which vertical limb loading is changed within one hoof between 

the lateral and medial claw, may exist, and consecutively could hide lameness from detection 

with systems that only use force variables in the vertical dimension. 

 

Neveux et al. (2006) and Rushen et al. (2007) used load cells to monitor body weight 

distribution in cows. They concluded that dairy cows remove weight from a discomforted or 

lame leg and redistribute this weight mainly to the contralateral leg, and that weight shifts are 

more frequent in lame compared to non-lame cows. Chapinal et al. (2009) utilized this 

platform to find that the gestation stage and the time of milking relative to the time of 

weighing importantly influenced weight distribution, indicating the importance to account for 

these factors during development of automatic lameness detection systems. Finally, Pastell et 

al. (2010) used this system to find that mildly lame cows could not be detected easily based 

on data collected during a short period of time, implying that repeated measurements of 

individual animals may be required to improve the detection performance for mildly lame 

cows. Pastell et al. (2006b) also developed a force platform to measure weight distribution, 

number and frequency of kicks, total weight and total milking time in a milking robot. The 

system was further developed into a real-time monitoring system (Pastell et al., 2008a), and 

a correct classification rate of 96.2 % was obtained by Pastell and Kujala (2007). Consecutively, 

Pastell and Madsen (2008) developed a model capable of evaluating the duration and severity 

of the problem for individual animals. Later on, Pastell et al. (2008b) used the Emfit carpet (L-

series, Emfit, Finland) to measure dynamic forces, and concluded that it may be useful for 

automatic lameness detection, but did not develop detection algorithms.  

 

Walker et al. (2010) developed an automated setup with five force sensors placed in an alley 

at the exit of the milking parlor and found inconsistent between-cow variation in force and 

time parameters, indicating the need for individual monitoring. Ghotoorlar et al. (2012) placed 

four force plates in a trimming chute and were able to develop a lameness detection model 

with varying sensitivity and specificity depending on the visual lameness score (Table 2.6). 

Skjoth et al. (2013) developed a system with two parallel 3D strain gauge force plates, and 

tried to automatically calculate stance phases of walking cows. Their system was able to 

classify 96.5 % of the stance phases correctly, but no lameness detection algorithm was 

presented.  

 

Thorup et al. (2014) attempted to find differences in gait symmetry based on 3-dimensional 

ground reaction forces measured with force plates set up in an alley between milking parlor 
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and barn. Their results indicated that lameness increases asymmetry in contralateral vertical 

reaction forces, but no lameness detection algorithm was developed. Most recently, 

Nechanitzky et al. (2016) combined lying and standing behavior monitored by accelerometers 

with body weight measured using a four-scale weighing platform, feeding behavior derived 

from a nose band sensor and heart activity obtained from the Polar Team² device (Polar 

Electro Oy, Kempele, Finland) with results as presented in Table 2.6. Furthermore, cow body 

weight loss data obtained with an automatic walk-over weighing system (WoW XR-3000, Tru-

Test Ltd., Auckland, New Zealand) has been associated  with lameness, as liveweight reduced 

three weeks before lameness was detected by the farmer (Alawneh et al., 2012b). In the latter 

study, lame cows were detected by the animal caretakers, implying that maybe only severely 

lame cows were considered in the analysis, potentially leading to overoptimistic results. So, 

monitoring liveweight might have potential for early lameness detection, but no detection 

algorithms have been developed based on body weight data. 

 



CHAPTER 2: State of the art in automatic lameness detection in dairy cows 34 

Table 2.6. Overview of the performance of lameness detection algorithms based on load cells. The AUC represents the area under the curve obtained after determining the 

receiver operating curve (ROC) based on the obtained sensitivity and specificity results. Percentage agreement (PA), kappa (κ), weighted kappa (kw) and area under the receiver 

operating curve (AUC) are given if available. 

Source Accuracy Sensitivity Specificity # cows AUC Sensor technique 
Measured 

parameter 
Observer agreement 

Rajkondawar et al. 

(2006) 

   21 63-84 % Single axis load cells Ground reaction 

forces 

 

Bicalho et al. (2007)  22.2 – 33.3 % 93.8 – 89.5 % 492 57-66 % 8 Load cells (Stepmetrix) Ground reaction 

forces 
κw 0.46 

intra observer AUC 

77 %, 69 %, 76 %  

Pastell and Kujala 

(2007) 

96.2 % 100 % 57.5 % 36 86 % 4 force plates Leg-load 

distribution 

 

Liu et al. (2009) 72.8 – 99.6 % 89.9 – 99.5 % 19.1 – 100 % 261  8 load cells (Stepmetrix) Ground reaction 

forces 

 

Chapinal et al. (2010)    57 71 % 4 plates with 2 single axis 

load cells 

Weight 

distribution 

 

Pastell et al. (2010)      4 force plates with each 4 

load cells 

Weight 

distribution 

 

Liu et al. (2011)  51.9 % 88.8 % 346  Stepmetrix Ground reaction 

forces and stance 

times 

 

Chapinal and Tucker 

(2012) 

     4 force plates with each 4 

load cells 

Weight 

distribution 

PA 91 % 

Ghotoorlar et al. 

(2012) 

 50 – 94 % 91 – 100 % 105  4 force plates with each 4 

load cells 

Ground reaction 

forces 

 

Nechanitzky et al. 

(2016) 

 94 % 80 % 42 86 % 4 plates with one load cell Weight 

distribution 

 

Maertens et al. (2011)  76 – 90 % 86 – 100 % 80  Pressure sensitive 

position mat 

Spatio-temporal 

gait variables 

 

Van Nuffel et al. 

(2015b) 

78 % 81 % 81 % 30  Pressure sensitive 

position mat 

Spatio-temporal 

gait variables 
κ 0.85 

Van Nuffel et al. 

(2015a)  

77 % > 70 % > 85 % 36  Pressure sensitive 

position mat 

Spatio-temporal 

gait variables 
κ 0.93 
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Use of walkover systems in practice 

 

While walkover systems have shown great potential for automatic lameness detection, they 

have some clear disadvantages which impede their use in practice (De Mol et al., 2009). The 

sensors used in walkover systems are quite expensive (Song et al., 2008) and a significant 

amount of farm space is required (Van Nuffel et al., 2015d). Moreover, the cows may stand 

still or run over the system, thus impeding proper gait measurements. On the other hand, 

systems requiring the cows to stand still could be integrated in a milking robot or milking 

parlor, minimizing the need for extra farm space (Ghotoorlar et al., 2012). As many cows can 

be monitored using only one system, system costs are spread over the whole herd, implying 

that walkover systems may be very interesting for larger herds, in contrary to systems where 

one device per cow is needed (i.e. cow-attached systems). Currently used sensors often 

provide very detailed information, and are not yet adapted for use on dairy farms, implying 

that designing cheaper, more adapted sensors is likely possible. Furthermore, only a few of 

the systems mentioned were part of a fully automated setup, and few were able to provide 

real-time diagnoses. Hence, further development is needed to fully automate these systems 

and provide real-time alerts. Walkover systems are directly connected to the power grid and 

process computer, and hence do not have issues regarding battery lifespan and wireless 

connectivity like cow-attached systems. 

 

2.7.3 CAMERA SYSTEMS 

 

 Two-dimensional cameras 

 

As visual scoring is still the reference method, many researchers have tried to automate cow 

locomotion scoring using computer vision. Cameras were installed on a side wall in an alley to 

capture the side view of each cow individually during walking. The respective studies focused 

on the extraction of indicators for lameness which can be extracted from an image sequence, 

such as step overlap, back arch, step time, hoof location and related timing, touch and release 

angles, and range of motion (Bahr et al., 2008; Leroy et al., 2008; Song et al., 2008; Pluk et al., 

2010; Pluk et al., 2012; Blackie et al., 2013). Poursaberi et al. (2010) quantified the back arch 

during standing and walking to classify lame and non-lame cows, resulting in a correct 

classification rate of 96 %. Later on, Poursaberi et al. (2011) defined the body movement 

pattern (BMP) joining back posture and head position. Therefore, the highest point in the total 

curvature in the back (R) was determined, and subsequently two ellipses were fitted to the 

left and right sides of this point (Figure 2.6). From these ellipses, the angle of the spine with 

respect to the ground surface was calculated for each ellipse (Θ1 an Θ2) and for the head (Θ4). 

The distance L1 was calculated as the vertical distance between the cow’s muzzle and the 

longitudinal axis of the front ellipse. The distance L2 was calculated between point R and the 

intersection point of the two minor axes of the ellipses, and the angle between both axes (Θ3) 

was determined. The BMP was then calculated as: 
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        (2.10) 

 

 

 

Figure 2.6. Definition of the variables used to calculate the body movement pattern (BMP). Source: Viazzi et al. 

(2013) 

 

Using classification algorithms based on the BMP, Poursaberi et al. (2011) obtained a correct 

classification rate of 92 %. Viazzi et al. (2013) compared individual cow thresholds with group-

level thresholds. Using individual thresholds, the true positive rate increased from 83 to 91 %, 

and the false positive rate decreased from 22 to 6 %. Other researchers combined multiple 

two-dimensional cameras in a top view approach to monitor cow behavior in the feeding area. 

Promising results were reported, as lying behavior, feeding behavior and standing could be 

detected with a sensitivity of 92, 87 and 86 %, respectively (Porto et al., 2013; 2015).  

 

 Three-dimensional cameras 

 

Systems based on two-dimensional cameras were reported to lack robustness against 

background changes and lighting conditions. Therefore, Viazzi et al. (2014) compared 2D-

cameras and 3D-Kinect cameras (Microsoft corp., Washington, USA) and concluded that 

comparable accuracy results could be obtained with 3D-cameras, while overcoming 

limitations in terms of automation and processing time. The 3D-camera was placed in an alley 

at a height of 3.2 m above the ground to monitor cows from a top view perspective. From the 

3D images, the form and curvature of the spine was reconstructed and the geometric variables 

also used in 2D image analysis were derived (cfr. Figure 2.6). Using these geometric variables 
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in a decision tree, an overall accuracy of 90 % was obtained in a validation dataset for 

classification of lame vs. non-lame cows (Table 2.7). With this setup, Van Hertem et al. (2014) 

developed a detection algorithm that yielded a correct classification rate of 80.7 to 81.2 % for 

a binary classification (lame, non-lame) with sensitivity and specificity varying between 47.1 

to 54.9 % and 90.4 to 94.1 %, respectively. Later on, Van Hertem et al. (2016) used this 

technique in a multi-sensor system incorporating milk production parameters, cow activity 

and body posture, and compared it to single-sensor systems. The multi-sensor system 

outperformed single-sensor systems and reached a sensitivity of 52.1 % and specificity of 83.2 

%, but was outperformed by a generalized linear mixed model that took repeated measures 

on individual cows into account, resulting in a sensitivity of 68.5 % and specificity of 87.6 %. 

This indicates that taking individual cow history into account can improve lameness detection 

results. Abdul Jabbar et al. (2017) used 3D-cameras to derive height variations of the hip joint 

during walking and developed a lameness detection algorithm with an overall classification 

accuracy of 95.7 %, sensitivity of 100 % and specificity of 75 %. However, the very high prior 

probabilities for lameness used in this study may have resulted in over-optimistic sensitivity 

and specificity values. 

 

Use of camera systems in practice 

 

Digital camera systems are very attractive for lameness detection, because they do not need 

cow manipulation (Viazzi et al., 2013), are relatively inexpensive and can be easily 

incorporated in existing farms. However, background segmentation problems, suboptimal 

lighting conditions and insects or dirt on the lens can disturb the images (Poursaberi et al., 

2010; Pluk et al., 2012; Van Hertem et al., 2013a). Some of these problems may be solved 

using 3D cameras instead of 2D cameras (Viazzi et al., 2014; Abdul Jabbar et al., 2017), but 

dirty lenses may remain problematic in the dusty barn environment. However, to give reliable 

results camera systems require a walkway where the cows walk individually at a constant gait. 

If cows walk in line behind each other (e.g. when the system is placed in an alley at the exit of 

the milking parlor), image processing algorithms can be disturbed due to cows influencing 

each other’s walking pattern (Poursaberi et al., 2010; Romanini et al., 2013). Similarly to 

walkover systems, cows standing still or showing unexpected behavior can disturb the 

measurements (Romanini et al., 2013).  
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Table 2.7. Overview of the performance of lameness detection algorithms based on camera systems. The AUC represents the area under the curve obtained after determining 

the receiver operating curve (ROC) based on the obtained sensitivity and specificity results. Percentage agreement (PA), kappa (κ), weighted kappa (kw) and area under the 

receiver operating curve (AUC) are given if available. 

Source Accuracy Sensitivity Specificity # cows AUC 
Sensor technique Measured 

parameter 

Observer 

agreement 

Pluk et al. (2012) 65 -80 %   75  2D side view camera Hoof touch and 

release angles 

 

Poursaberi et 

al.(2010) 

94.7 % 100 % 97.6 % 156  2D side view camera Back posture  

Poursaberi et al. 

(2011) 

92 %   1,200  2D side view camera Back posture  

Viazzi et al. (2013) 76 % 83 % 91 % 90  2D side view camera Back posture  

Viazzi et al. (2014) 90 - 91% 76 - 82 % 91 - 95 % 92 95 - 97 % 2D side view camera  

& 3D top view camera 

Back posture κ 0.64 

Van Hertem et al. 

(2014) 

56.5 – 60 % 47.1 – 54.9 % 56.5 – 60.2 % 182  3D top view camera Back posture κ 0.53  

κw 0.69 

Van Hertem et al. 

(2016) 

80.7 – 81.2 % 47.1 – 54.9 % 90.4 – 94.1 % 280  3D top view camera Back posture  

Abdul Jabbar 2016 95.7 % 100 % 75 % 23  3D top view camera Height variations 

of the hip joint 
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2.8 ENHANCING LAMENESS DETECTION PERFORMANCE USING FARM DATA 

 

2.8.1 COMBINATION OF AVAILABLE FARM DATA AND SENSOR DATA 

 

Nowadays, dairy farms already register a vast amount of data including birth date, lactation 

stage, gestation stage, insemination dates and milk production parameters (e.g. daily milk 

production). Disease events, such as mastitis, and treatment applications like antibiotics are 

documented in a register. On farms equipped with estrus detection systems, activity data or 

derived parameters are also recorded. Several researchers have tried to use these data to 

develop and improve lameness detection models (Table 2.8). The used data included milking 

parameters (yield, duration, milking order etc.), activity data, feed and water intake, lactation 

stage, lameness history and rumination. When comparing the cited studies in Table 2.8, milk 

yield and activity data seemed to contribute the most to lameness detection. While some 

promising detection algorithms were reported, most authors concluded that the performance 

of their model was not sufficient for use in practice (Kramer et al., 2009; de Mol et al., 2013; 

Kamphuis et al., 2013; Miekley et al., 2013).  

 

Use of available data in practice 

 

Cow-related information, feeding behavior, milking and milk yield parameters are potential 

lameness indicators for automated lameness detection systems. Although lameness affects 

feeding behavior (Norring et al., 2014), data concerning roughage feed intake is normally not 

available in practice, implying that its use in automatic lameness detection systems is not 

recommended. Milking and milk yield related parameters may not be available on all farms, 

depending on the type and brand of the used milking system. Milk yield data are more 

available than feed intake data, and will presumably be available on almost all farms in the 

future. Cow-related information (e.g. age, parity, days in milk, gestation stage), is already 

available on most farms, so no extra costs for gathering these data are required. Using 

available farm data for lameness detection would add value to the already made investments 

for recording these data (e.g. electronic management systems).  
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Table 2.8. Overview of the performance of lameness detection algorithms based on available farm data and combinations with sensor data. The AUC represents the area under 

the curve obtained after determining the receiver operating curve (ROC) based on the obtained sensitivity and specificity results. Percentage agreement (PA), kappa (κ), 

weighted kappa (kw) and area under the receiver operating curve (AUC) are given if available. 

 

Source Accuracy Sensitivity Specificity Error rate # cows AUC Sensor technique 
Measured 

parameter 

Observer 

agreement 

Liberati and 

Zappavigna 

(2009) 

 25 – 56.3 %   147  Activity meters, milking 

system 

Milk flow, 

conductivity, and 

production, activity 

 

Kramer et al. 

(2009) 

 70 % 75.3 - 75.9 % 98.9 – 99.5 % 81  Automatic feeding 

systems, milk meter, 

accelerometers 

Milk yield, dry 

matter intake, 

behavior, water 

intake, activity, 

previous diseases 

 

Miekley et al. 

(2013) 

 81 %  99.1 % 653  Milking system, 

pedometers, feeding 

troughs 

Feed intake, number 

of visits, feeding 

time, milk 

conductivity, activity 

 

de Mol et al. 

(2013) 

 85.5 % 88.8 %  110  Milking system, 

accelerometers, 

concentrate feeders 

Activity, milking 

data, concentrate 

feeding data 

 

Van Hertem et 

al. (2013b) 

86 % 89 % 85 %  1,100  Milk yield meter, 

accelerometers 

Milk yield, 

rumination time, 

neck activity 

 

Kamphuis et al. 

(2013) 

 50 % 80 %  3,498 0.74 Milking system, 

pedometers, automatic 

weighing scales 

Live weight, activity, 

milking data, milking 

order, days in milk 

 

Garcia et al. 

(2014) 

 77 – 81 % 79 % 79 – 83 % 88  Automatic milking system 

& accelerometers 

Milking data & 

activity 

Intra observer PA 

52 %, 54 % 

κw 0.39, 0.30  

inter observer PA 

53 % κw 0.43  
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2.9 ADOPTION OF AUTOMATIC LAMENESS DETECTION SYSTEMS IN COMMERCIAL 

DAIRY FARMING 

 

2.9.1 LESSONS LEARNT FROM PREVIOUS ADOPTION OF SIMILAR TECHNOLOGY 

 

Technology adoption behavior is characterized by complexity, as it is a combination of 

farmers’ attitudes towards income risk, uncertainty regarding the true profitability of the 

innovation and reactions to others who preceded in adopting (Baerenklau, 2005). The 

perceived usefulness and perceived ease of use of the innovation may influence adoption 

behavior (Flett et al., 2004), especially since economic evidence alone may not be sufficient to 

spur adoption (Vanclay and Lawrence, 1994; Edwards-Jones, 2006; Leach et al., 2010b). Non-

adoption of a technology could be caused by a perceived low ease of use, lack of confidence, 

conflicting information or farmers not understanding the technology. In addition, the farmer’s 

opinion as formed based on the current farm situation, his personality, education level, 

motivation, and previous experiences could also cause non-adoption (Vanclay and Lawrence, 

1994; Guerin, 1999; Flett et al., 2004). Farmers require sufficient training and support in order 

to learn to correctly work with precision dairy technology (Barkema et al., 2015), which they 

may not always perceive as available in practice. Therefore, a new service industry aimed at 

supporting farmers is needed (Banhazi et al., 2012). Sufficient market research is much needed 

to allow satisfying farmers’ interests (Wathes, 2007; Wathes et al., 2008), and subsequently 

smoothen the market introduction and adoption of automatic lameness detection in practice. 

 

2.9.2 CHALLENGES TO INCREASE THE VALUE AND ADOPTION OF AUTOMATIC 

LAMENESS DETECTION SYSTEMS 

 

Researchers and system developers should look forward to the introduction of existing 

automatic lameness detection systems into the market and focus more on ensuring a smooth 

transition from research to practice. Farmers’ perception is very important for a successful 

adoption of new technology. Unfortunately, this perception is relatively unknown to system 

developers (Borchers and Bewley, 2015). Estimating potential beneficial effects of automatic 

lameness detection systems on farm profitability, farm management and farmers’ social 

wellbeing can be helpful to vouch for its usefulness in practice and subsequently aid in 

convincing farmers. Notwithstanding many studies suggest that early detection and treatment 

of lameness can reduce losses (Almeida et al., 2007; Archer et al., 2010a; Alawneh et al., 

2012b), the effect of automatic lameness detection on these losses and on farm profitability 

has not been assessed. As such, no estimation of the economic value of automatic lameness 

detection systems is available. 

 

Little is known about farmers’ preferences for automatic lameness detection systems. 

Although it has been suggested that participatory user-centric design can improve the degree 

to which the system meets end-user expectations and thus improve the adoption in practice 
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(Sanders, 2002; van der Weerdt and de Boer, 2016), farmers are often not involved during the  

development of new technology (Huirne et al., 1997; Mollenhorst et al., 2012). Therefore, 

farmers should be more involved during further design and development of existing 

prototypes into viable market-ready systems. 

 

Research revealed certain barriers impeding farmers from tackling the lameness problem on 

their farm thoroughly (Leach et al., 2010a; b). Possibly, these barriers cause reluctance 

towards changing management practices, including lameness detection methods. However, 

farmers can be responsive to support concerning lameness management (Main et al., 2012). 

Hence, providing more information on the benefits of automatic lameness detection, 

especially directed towards potential positive effects on aforementioned barriers, may 

encourage farmers to adopt the innovative systems and subsequently increase demands for 

automatic lameness detection. Therefore, the effect of providing extra information about 

lameness and its consequences on farmers’ preferences and willingness to adopt automatic 

lameness detection systems should be investigated.  

 

From section 2.7, it has become clear that some systems are insufficiently adapted for use in 

practice, as they require too much farm space, are difficult to install or require unrealistically 

high investment costs due to high system prices or costly barn adaptations. Changes in setup 

and sensor design may be needed, thereby potentially compromising detection performance. 

Therefore, the effect of changed sensor design on the system’s detection performance should 

be accounted for. Moreover, current detection performances may be insufficient to ensure 

high usefulness for the farmer in practice. Therefore, farmers’ preferences regarding 

detection performance should be assessed in order to allow setting development goals, and 

new ways to improve the detection performance need to be found. This may be accomplished 

by defining new measurable variables that contain useful information on the cow’s lameness 

status or by using other data processing techniques and detection algorithms. 

 

2.10 RESEARCH HYPOTHESES AND PHD OUTLINE 

 

From this review of the state of the art, it can be hypothesized that a holistic approach 

combining technical, economic and social perspectives to develop automatic lameness 

detection systems which are affordable, well performant and tailored to the farmers’ needs 

will maximize the chances for adoption in practice. The main aim of this PhD research was to 

elaborate such a holistic approach which matches the economic potential with farmers’ 

preferences, and derive and implement design criteria obtained from this match. This leads to 

the following objectives: 

 

 Map the complex system of economic drivers and influencing factors for the economic 

value of automatic lameness detection systems.  

 Estimate the economic value through simplification of the mapped system of 

economic drivers, using literature data and expert knowledge.  
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 Map farmers’ preferences with respect to detection performance and system cost. 

 Investigate the impact of informing farmers about lameness consequences on their 

willingness to adopt automatic lameness detection systems on their farm. 

 Improve detection performance and reduce complexity of a walkover system for 

lameness detection. 

 Investigate the added value of variables describing tenderness of hoof placement and 

body weight distribution during walking for lameness detection. 

 Investigate the added value of available farm data in combination with a walkover 

system for lameness detection. 

 

The structure of this PhD manuscript is schematically illustrated in Figure 2.7. In the first part, 

a socio-economic approach is followed to determine development aims for future, well-

adopted systems that are tailored to the farmer. To accomplish this goal, first, determining 

factors for the economic value of automatic lameness detection systems are analyzed 

(Chapter 3). Consecutively, an impetus is given for the estimation of this economic value based 

on farm-specific and system-specific information. Second, farmers’ preferences regarding 

automatic lameness detection system characteristics are surveyed to provide a basis for user-

centric design, and to assess whether providing extra information on lameness consequences 

influences farmers’ preferences (Chapter 4). Successively, the effect of altering system 

characteristics on systems’ potential market shares based on farmers’ opinions is explored 

(Chapter 5). This information is then incorporated in design criteria concerning performance, 

and cost of automatic lameness detection systems that can be useful for technology 

developers to determine development goals to improve the existing prototypes. 

 

In the second part of this manuscript, the design criteria established in the first part are 

implemented for the case of a walkover system. More specifically, a pressure sensitive 

position mat, known as Gaitwise, was chosen as a case study. This choice was based on the 

assumption that such a sensor provides the most direct way to measure lameness, as it 

directly measures the gait pattern of cows in time, place and force, with which promising 

lameness detection algorithms have been developed. The Gaitwise system has been 

implemented in the normal routine on a dairy farm, and data gathering has been automated. 

Moreover, it is hypothesized that the cost-efficiency and ease of implementation in practice 

of this system could be largely improved by reducing the length and resolution of the 

measurement zone. Also, it has been suggested that new variables may be derived from 

pressure sensitive position data, which could help to enhance existing lameness detection 

algorithms (Van Nuffel, 2014). First, potential reductions regarding system price and available 

farm space are explored (Chapter 6). Subsequently, new variables that potentially contain 

useful information on cows’ gait pattern and lameness status are derived from data gathered 

with the Gaitwise system and tested for their ability to discriminate between lame and non-

lame cows (Chapter 7). Finally, an automated measurement setup for the Gaitwise system is 

designed to gather data to be used for further improvement of the lameness detection 

algorithms (Chapter 8). A general discussion integrates all previous research chapters, which 

finally leads to general conclusions and recommendations for future research (Chapter 9). 
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Figure 2.7. Schematic overview of the different objectives and associated chapters in this PhD. 
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CHAPTER 3 

 

FARM-SPECIFIC ECONOMIC 

VALUE OF AUTOMATIC 

LAMENESS DETECTION  
 

 

 

 

 

This chapter was adapted from: 

 

Van De Gucht, T., W. Saeys, J. Van Meensel, A. Van Nuffel., J. Vangeyte, and L. Lauwers. 

2017. Farm-specific economic value of automatic lameness detection systems in dairy cattle: 

From concepts to operational simulations. J. Dairy Sci. In press. 
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3.1 INTRODUCTION 

 

Lameness in dairy cattle causes significant economic losses and strongly deteriorates cows’ 

welfare. Welfare deteriorations are instigated by pain and stress often caused by painful hoof 

lesions (Whay et al., 2003; Dyer et al., 2007; Rushen et al., 2007). Economic losses include high 

treatment costs (Bruijnis et al., 2010), decreased milk production (Hernandez et al., 2001; 

Green et al., 2002), reduced fertility (Garbarino et al., 2004; Hernandez et al., 2001) and early 

culling (Booth et al., 2004; Sogstad et al., 2007). Farmers tend to underestimate the economic 

effect as well as the prevalence and severity of lameness in their herd (Wells et al., 1993; Whay 

et al., 2003; Leach et al., 2010a). As a result, lameness is often only detected in an advanced 

stage when the cow is clearly limping. Treatment is often done long after detection (Alawneh 

et al., 2012a), which may imply a long healing process and even no complete curing. Correct 

and early detection of lame cows and timely and proper treatment could reduce economic 

losses, improve animal welfare and lower on-farm lameness prevalence (Hernandez et al., 

2005; Espejo et al., 2006; Leach et al., 2012).  

 

Detecting lame cows is, however, not straightforward and is usually done using a visual 

locomotion scoring system. Visual locomotion scoring is labor intensive, time consuming and 

requires a lot of experience, making it difficult to use in daily practice (Brenninkmeyer et al., 

2007; March et al., 2007; Horseman et al., 2013). On top of that, lack of application of visual 

locomotion scoring in practice often results in bad diagnoses, untreated lameness and 

associated losses. To solve this problem, research started on the development of automatic 

lameness detection systems using a wide range of sensor techniques such as cameras 

(Nikkhah et al., 2005; Viazzi et al., 2013; Van Hertem et al., 2014), pressure plates (Neveux et 

al., 2006; Chapinal et al., 2009), pressure mats (Maertens et al., 2011; Van Nuffel et al., 2015a) 

and accelerometers (Chapinal et al., 2009; Pastell et al., 2009). Research, however, has 

principally focused on sensor development and data interpretation (Rutten et al., 2013), 

whereas studies on the economic added value of such systems for farmers are scarce. 

Researchers and industry members have indicated the importance of bridging this knowledge 

gap (DairyCare, 2015), but the complexity of the lameness problem, uncertainties about 

performance and price of upcoming systems, and farm dependency of prevalence and 

treatment may have hampered economic assessment.  

 

Therefore, the objective of this study is to provide an operational framework for estimating 

the economic value of automatic lameness detection systems based on their detection 

performance and farm-specific variables. First, a conceptual framework illustrating the 

complexity and essential elements for estimating economic value is developed by mapping 

various drivers for economic value and their relationships. Second, the framework is 

operationalized, imposing necessary simplifications and assumptions. The effect of input 

variables used in the framework on economic value for four system types (i.e. walkover 

systems using a pressure mat, walkover systems using pressure plates, accelerometers 

attached to the cow and cameras) is assessed by performing sensitivity analysis. Based on 

these results, recommendations for future research are made.  
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3.2 MATERIALS AND METHODS 

 

3.2.1 CONCEPTUAL FRAMEWORK 

 

General concept  

 

The economic value of automatic lameness detection systems depends on their cost 

(purchase, installation, depreciation period, paid and fictive interests and maintenance), 

avoided losses due to better detection and earlier treatment (Leach et al., 2012), and 

treatment costs. Estimating this economic value is possible by comparing total lameness costs 

when using automatic detection with a reference situation (i.e. current visual detection by the 

farmer). The reference situation differs between farms and depends on initial lameness 

prevalence (Somers et al., 2003; Espejo et al., 2006; Barker et al., 2010) and lameness 

management (e.g. time between detection and treatment). For high lameness prevalences, 

higher costs can be expected due to more or more severe lameness cases, and consequently 

more losses can potentially be avoided. As a result, the avoided loss, and hence the economic 

value of automatic detection systems, is farm specific. Likewise, automatic detection systems 

will have different detection performances, rendering the economic value also system 

specific. 

 

Background of lameness dynamics 

 

Lameness costs are influenced by the prevalence, incidence and average duration of a 

lameness case, which can be determined as follows (Whay, 2002):  

 

no. of lame cows at the time of observation
prevalence = (%)

Herd size
 (3.1) 

no. of new lameness cases during one year %
incidence = ( )

Herd size year
 (3.2) 

duration = time from onset till healing or culling (days)

mean lameness prevalence (%) × 365 days
= 

annual lameness incidence (cases/100 cows per year)

 (3.3) 

 

Prevalence is often determined using three possible statuses: non-lame, mildly lame and 

severely lame. In literature, the terms subclinical lameness and clinical lameness are also often 

used, and lameness can be scored on different scales going from a binary (lame versus non-

lame) to a continuous (1 to 100) scale. Five point scales are used the most, where cows with 

a score > 3 are typically defined as being clinically lame (Van Nuffel et al., 2015c), whereas 

score 3 represents mildly lame cows. Therefore, from this point on, we will assume that mild 

lameness corresponds to subclinical lameness and severe lameness to clinical lameness 
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throughout this manuscript. When a statement is made for both categories, the term lame is 

used. 

 

As prevalence is only a snapshot in time (Whay, 2002),  it does not indicate the number of 

(new) lameness cases during one year. Each lameness case entails specific costs dictated by 

its nature (e.g. digital dermatitis vs. sole ulcers), the severity of the lesion, the duration of 

lameness, and the time of detection and treatment. A combination of the incidence, duration, 

and severity of lameness is hence most informative for estimating economic loss and can be 

tracked by keeping records of each lameness case. In practice, such reliable farm records are 

generally not available (Whay et al., 2003; Laven, 2013).  

 

Effects of detection performance and lameness management on lameness costs 

 

The value of a detection method, whether visual or automated, depends on its detection 

performance. Performance can be expressed as several correctly and incorrectly detected 

(undetected lame cows or non-lame cows detected lame) lameness cases. Timely detection 

and subsequent proper treatment can reduce lameness costs by reducing the duration of 

lameness and lowering the severity of the lesion by preventing it from worsening (Hernandez 

et al., 2005; Alawneh et al., 2012b; Leach et al., 2012). Whether treatment was necessary or 

not, checking the claws and performing hoof trimming results in additional costs for both 

correctly and incorrectly detected lameness cases. 

 

The current detection method used in practice, visual detection, results in farmers detecting 

only one in four severely lame cows when compared with expert scoring (Whay et al., 2002; 

Fabian et al., 2014). As only those cows detected as lame will be treated, a high number of 

lame cows do not get the necessary treatment. Moreover, Alawneh et al. (2012a) showed that 

treatment is often postponed up to 3 weeks after detection. Mild lameness is mostly not 

detected by farmers and potentially develops into a chronic problem that either develops into 

severe lameness or eventually heals in a natural way without treatment (Clarkson et al., 1996; 

Logue et al., 1998)(Figure 3.1). Postponing treatment or not detecting (mildly) lame cows can 

result in high losses and treatment costs in the long run.  

 

Automatic detection systems are intended to be high performing and should detect almost all 

severe and most mild lameness cases shortly after onset. This will result in both more cases 

treated and more early treatment, resulting in a shorter duration of the lameness (Figure 3.1) 

(Hernandez et al., 2005; Rajkondawar et al., 2006; Bell et al., 2009). However, automatic 

detection will only be valuable when the farmer acts according to the system results, implying 

that every detected cow is properly checked and treated (if necessary), preferably within a 

few days after detection. Current detection performances imply high false-positive rates 

(Dominiak and Kristensen, 2017), which may lead to farmers falsely perceiving true-positive 

alarms for mildly lame cows as non-lame, thereby increasing chances of farmers not examining 

the alerted cow. As this could nullify the usefulness of automated detection, current detection 

performances should be further improved before automatic detection systems are 
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commercialized (Dominiak and Kristensen, 2017). It could therefore be assumed that, in case 

of a false alarm, claw trimming can have a positive preventive effect if executed properly, but 

can also be counterproductive if executed improperly. In either case, the treatment costs 

money to the farmer. When lameness detection is assumed to only be curative and not 

preventive, lameness incidence will remain almost identical compared with the reference 

situation (Figure 3.1) (Clarkson et al., 1996). In Figure 3.1, it is assumed that preventive 

trimmings have a positive effect on existing lameness cases, but possible repeated treatments 

(e.g. checkup after one month) are not indicated. 

 

 

Figure 3.1. Conceptual framework explaining the effects of current detection by the farmer (A) and automatic 

detection (B) on the prevalence, incidence and duration of lameness. 
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Prevention strategies, such as preventive trimming and the use of footbaths, used before 

investment in automated lameness detection technologies may or may not be maintained 

following technology adoption. Current prevention strategies may not be optimal when used 

in combination with automatic detection, implying that another preventive approach may be 

economically optimal. Assuming that automated detection will only increase the treatment 

rates, neglects other possible positive effects such as less severely lame cows on the farm, 

decreased infection pressure of infectious claw lesions, or changes to the farmer’s attitude 

because of increased awareness of lameness present on the farm.  

 

Calculating economic value of automated detection 

 

By clarifying differences in total treatment costs and total avoided losses between current 

visual detection and automated detection, a total annual net avoided cost (NAC) can be 

calculated for the farm. To finally estimate economic value, the present value of net avoided 

costs (PVNAC) can be calculated from the discounted NAC: 

 

0

( , )
(1 )

N

t
t

NACt
PVNAC i N

i





 

(3.4) 

 

where N is the system lifespan in years, i is the discount rate, and NACt are the net avoided 

lameness costs at time t. As the PVNAC does not take the initial investment or the salvage 

value into account, the net present value of net avoided costs (NPVNAC) represents the true 

profitability of the system:  
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 (3.5) 

 

where C0 is the initial investment (system price, installation cost and maintenance cost) and St 

the salvage value at time t. 

 

3.2.2 FROM CONCEPTUAL TO OPERATIONAL FRAMEWORK  

 

A simulation model was used to make the conceptual framework operational using Matlab 

(2013a, The Mathworks Inc., Natick, MA, USA). Our operational framework (Figure 3.2) uses 

the detection performance of automatic detection systems and the farmer, the on-farm 

prevalence, the system lifespan and the herd size as main input variables to quantify the effect 

of improved detection on losses and treatment costs. 
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First, detection performance needs to be linked to the number of lameness cases (i.e. the 

incidence), to define the number of correctly and incorrectly detected cases. Second, for each 

case, a total cost value (present losses and treatment cost) should be assigned according to 

the positive effect of early detection and treatment on the duration and severity of the lesion. 

Because this positive effect has not yet been quantified in terms of shorter duration and 

avoided losses, untreated cases were assumed to cost more than treated cases, and losses 

were assumed to be different for mild and severe lameness cases. 

 

 

Figure 3.2.: Operational framework for estimating economic value (PVNAC) of automatic lameness detection 

systems relative to a reference situation where the farmer performs visual detection. Grey fields represent farm- 

and system-specific data inputs. 

 

Lameness incidence linked to lameness prevalence 

 

As only lameness prevalence is known in practice, the on-farm prevalence and average 

duration of a case were needed to determine the incidence, or number of lameness cases 

during one year: 

 

prevalence mild
number mild cases = herd size  

average duration mild case
  (3.6) 

prevalence severe
number severe cases = herd size  

average duration severe case
  (3.7) 

 

In practice (i.e. our reference situation), lameness prevalence is a good estimator for lameness 

incidence (Clarkson et al., 1996). Nevertheless, it should be noted that for those farms where 

most lameness cases are detected early and treated promptly, the duration of a lameness case 

is shorter than average, leading to a low lameness prevalence (Clarkson et al., 1996). Hence, 

although the prevalence may be low, incidence can still be high. These farms thus rather 

resemble the situation of a farm where automatic lameness detection is applied (Figure 3.1).  
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Lameness prevalence linked to system performance 

 

In Figure 3.3, a probability tree shows the relation between system detection performance 

and farm lameness prevalence. The true percentage of cows with a particular health status i 

is represented by the prior probability P(i), with i: non-lame, mildly lame or severely lame. 

System performances are represented by the probabilities P(j,i) representing the chance that 

a particular health status j (with j: non-lame, mildly lame or severely lame) is detected in group 

i. This results in nine subgroups of which three correspond to correctly detected cows (j = i) 

with a probability P(i|j). The total sum of prevalences P(i) adds up to 100 %:  

 

( ) 100 %
i
P i   

(3.8) 

 

Per group i, the percentages of the three subgroups j,i also add up to 100 %: 

 

,
( , ) 100 %

j i
P j i 

 
(3.9) 

 

The conditional probability of a cow belonging to one of the nine subgroups is then:  

 

( | ) ( ) ( , )P j i P i x P j i  (3.10) 

 

Hence, the sum of all nine conditional probabilities adds up to 1: 

 

( | ) 1
i j

P j i 
 

(3.11) 

 

With these probabilities, the farm-specific number of mild and severe lameness cases per 

subgroup was calculated using the previously defined total number of mild and severe cases. 

Treatment actions are correct when the cow is checked when needed, whether detected as 

mildly or severely lame, or when the cow is not checked when not needed. Actions are 

incorrect when the cow is not checked when needed, or when the cow is checked when not 

needed. 
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Figure 3.3. Chance tree representing the relation between lameness prevalence and detection performance. 

Detection results in correct (checkmark) or incorrect (cross) detection, with an associated correct (checkmark) or 

incorrect (cross) action.  

 

Cost calculation and simulation 

 

Average values for lameness losses and treatment costs were derived from Bruijnis (2012) and 

include losses and costs for deprived milk production (Barkema et al., 1994; Green et al., 

2002), culling (Barkema et al., 1994; Booth et al., 2004; Sogstad et al., 2007), prolonged calving 

interval (Hernandez et al., 2001; Garbarino et al., 2004; Sogstad et al., 2006), extra labor of 

the dairy farmer, extra visits of the foot trimmer, extra visits of the veterinarian, treatment 

(Bruijnis et al., 2010) and discarded milk for severe lameness, and losses for milk production 

and prolonged calving interval for mild lameness. Other, less documented economic and non-

economic effects, such as loss of breeding potential (Boettcher et al., 1998; van der Waaij et 

al., 2005; van der Linde et al., 2010), deteriorated animal welfare or losses due to other health 

problems (Hultgren et al., 2004; Archer et al., 2011; Alawneh et al., 2012b; Morris et al., 2013; 

Green et al., 2014) worsened by lameness, were not included in this study. For simplicity, no 

lesion specific costs were used in this study. 

 

Bruijnis (2012) estimated the costs for mild and severe lameness for a default herd of 65 cows 

at € 1,107 (€ 883; € 1,367) and € 2,367 (€ 1,231; € 3,855) respectively, each with its 0.05 and 

0.95 percentile. We assumed a normal distribution for these values. Similar to the study of 

Bruijnis et al. (2010), the average cost of an undetected mild lameness case was € 13 

(€1,107/86 cases per 65 cows). As farmers’ estimated prevalence is only one fourth of the true 

prevalence (Whay et al., 2002; Fabian et al., 2014), most severely lame cows are undetected 

or treated in a late stage, resulting in an average cost of € 67 for a severe lameness case (€ 

2,367/35 cases per 65 cows). 

 

A total cost was calculated for each lameness case and detection subgroup (Figure 3.3, Table 

3.1). Correctly detected non-lame cows cost nothing, whereas falsely positive (detected mildly 

or severely lame) non-lame cows are unnecessarily trimmed, implying extra costs for trimming 
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(preventive effect not taken into account at this stage). Undetected mildly lame cows remain 

untreated, and cost € 13 per case on average. Mildly lame cows detected mildly or severely 

lame are trimmed, implying costs for trimming, but also reduced losses. Because no 

information is available on the effects of earlier treatment on the losses caused by mild 

lameness, we assume losses due to treated mild lameness to be only 25 % of the average cost 

when no treatment is performed (€ 13), resulting in a loss of € 3.2 on average per treated mild 

lameness case. Total cost was then calculated by summarizing treatment costs and losses. 

Undetected severe lameness cases were assumed to lie within the 25 % highest values of the 

cost distribution (severe case cost_detected non-lame), as they remain untreated and hence cost the 

most (€ 77.01 on average). Severe cases detected mildly or severely lame are treated, implying 

less severe cases, shorter duration and reduced losses. Costs for these cases were assumed 

lower than the 25 percent highest values in the distribution (severe case cost_detected mild) (€ 

38.55 on average).  

 

Table 3.1. Cost assumptions for each status-detection subgroup. 

 

 Detection group 

  Non-lame Mildly lame Severely lame 

Tr
u

e 
gr

o
u

p
 Non-lame € 0 Ctrimming Ctrimming 

Mildly lame € 13 on average 
Ctreatment + Ctrimming 

+ € 3.2 on average 

Ctreatment + Ctrimming 

+ € 3.2 on average 

Severely lame € 77.01 on average € 38.55 on average € 38.55 on average 

 

Calculation of the economic value 

 

The lifespan of the automatic systems was assumed to be 10 years. Due to lack of data, 

investment costs and salvage value were not included in the analysis. So, PVNAC was 

considered rather than NPVNAC. The PVNAC was simulated for four types of detection 

technologies: walkover systems using a pressure mat, walkover systems using pressure plates, 

accelerometers and cameras. Economic value was assessed for two situations: one with and 

one without preventive half-yearly trimmings. Possible prevalence or cost reductions in the 

first situation compared with the second were not accounted for during simulation. 

 

Default system detection performances 

 

System detection performances were derived from literature (Whay et al., 2002; Espejo et al., 

2006; Bicalho et al., 2007; Leach et al., 2010a; Maertens et al., 2011; Van Hertem et al., 2014) 

and authors’ estimations (Table 3.2). The reference detection performance of an average 

farmer was set to one in four severely lame cows detected (Wells et al., 1993; Whay et al., 

2002; Espejo et al., 2006). Because the different detection systems are still in development, 

the detection performances in Table 3.2 should be interpreted as simulation values to 
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demonstrate the potential of the simulation model rather than being actual system 

performances. 

 

Table 3.2. Default system detection performances derived from literature.  

 Pressure mat   Camera 

 predNL predML predSL   predNL predML predSL 

trueNL 85 15 0  trueNL 94 5 1 

trueML 24 76 0  trueML 65 32 3 

trueSL 4 6 90  trueSL 35 30 35 

         

 Pressure plates   Accelerometer 

 predNL predML predSL   predNL predML predSL 

trueNL 89 11 0  trueNL 80 20 0 

trueML 85 15 0  trueML 30 70 0 

trueSL 18 30 52  trueSL 14 10 76 

         

 
Current detection farmer 

  
 

 predNL predML predSL      

trueNL 100 0 0      

trueML 100 0 0      

trueSL 75 5 20      

         

Predicted lameness statuses (predNL, predML, predSL) are shown per column, true statuses (trueNL, trueML, 

trueSL) are shown per row. NL = non-lame, ML = mildly lame, SL = severely lame. Values are expressed in 

percentage of the number of cows per true lameness status and add up to 100 % per row. 

 

Default farm situation 

 

The average herd size of 65 cows derived from Bruijnis et al. (2010) was set as a default herd 

size. From Bruijnis et al. (2010), an incidence of 132 % mild lameness cases per year (46 % 

prevalence/0.3517 year duration) and 54 % severe lameness cases per year (14 % 

prevalence/0.2525 year duration) was derived. In the reference situation, two half-yearly claw 

trimmings of the whole herd are performed (Bruijnis et al., 2010). Costs for these preventive 

trimmings were € 5 per cow per trimming, hence € 10 per cow per year (Bruijnis et al., 2010). 

Costs for preventive footbaths were not included due to large differences in the use of 

preventive footbaths between farms. Costs for curative foot trimming of mild lameness 

performed by the farmer were assumed € 5 per cow, based on an hourly labor rate of € 20 

(Bruijnis et al., 2010) and assuming that the time needed for fetching and trimming the cow 

was 15 minutes per cow (authors’ estimation). Treatment costs for materials like gels or sprays 

were set at € 0.40 per trimmed cow (Bruijnis et al., 2010). No costs for other materials such as 

a trimming chute, necessary barn space, hoof knives, or angle grinder were included in the 

analysis. The discount rate was fixed at 0.05. 
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Sensitivity analysis 

 

Sensitivity of the PVNAC outcomes was analyzed by altering the following input parameters 

by 10 % of the default value in favor of an increased PVNAC: severe lameness prevalence (from 

14 to 15.4 % severely lame cows), mild lameness prevalence (from 46 to 50.6 % mildly lame 

cows), system lifespan (from 10 to 11 years), discount rate (from 0.05 to 0.045), herd size 

(from 65 to 72 cows), cost of curative trimming (from € 5 to 4.5), farmer labor time (from 15 

to 13.5 min), farmer’s hourly labor cost (from 20 to 18 €/h), treatment costs (from € 0.40 to 

0.36), severe case cost_detected non-lame (from the 25th to the 27.5th percentile of the distribution), 

severe case cost_detected mild or severe (from the 25th to the 22.5th percentile of the distribution) 

and costs for treated mild lameness (from 25 to 22.5 % of the average value for untreated 

mild lameness). Model sensitivity, expressed both in absolute values (Table 3.3) and in terms 

of the ratio of the simulated PVNAC and the default PVNAC (for the situation without 

preventive half yearly trimmings, Figure 3.4), allows ranking of the system variables in terms 

of importance to the economic value. 

 

3.3 RESULTS 

 

Simulation outcomes are summarized in Table 3.3, starting from the default situation and 

listing the various sensitivity analysis steps. The default situation shows PVNAC differences 

between detection systems as a result of differences in system performance: the better the 

detection performance, the higher the potential avoided losses, and consequently the higher 

PVNAC. All default PVNAC values were positive, revealing that automatic detection systems 

are potentially more profitable than current detection by the farmer. Potential profitability 

will then turn into actual profitability when PVNAC exceeds the investment cost C0 (i.e. 

NPVNAC is positive, assuming salvage value is zero). Whether or not preventive half-yearly 

trimmings were applied strongly influenced PVNAC, as preventive trimmings are costly. 
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Table 3.3. Sensitivity analysis results of the simulation model calculated for an approach with or without 

preventive half-yearly whole-herd trimmings1.  

 PVNAC (€) 

 

Walkover 

pressure mat 

Walkover 

pressure plates 

Accelerometer 

system 

Camera 

System 

Prevention by half-yearly trimming2 No Yes No Yes No Yes No Yes 

Default 14,358 9,368 11,253 6,255 12,982 8,002 10,128 5,120 

Lifespan (10; 11) [year] 15,445 10,078 12,105 6,729 13,965 8,609 10,895 5,509 

Herd size (65; 72) [cows] 15,905 10,381 12,465 6,932 14,381 8,868 11,218 5,673 

Prevalence mild (46; 50.6) [%] 14,620 9,627 11,331 6,331 13,242 8,258 10,246 5,237 

Prevalence severe (14; 15,4) [%] 15,133 10,144 11,874 6,877 13,654 8,674 10,561 5,555 

Discount rate (0,05; 0,045) [%] 14,713 9,601 11,531 6,411 13,302 8,201 10,378 5,248 

Labor time farmer (15; 13.5) [min] 14,646 9,657 11,330 6,333 13,263 8,283 10,258 5,251 

Hourly rate farmer (20; 18) [€/h] 14,646 9,657 11,331 6,333 13,263 8,283 10,259 5,251 

Treatment cost (0.40; 0.36) [€/case] 14,383 9,389 11,260 6,259 13,005 8,021 10,139 5,130 

Severe case cost_detected non-lame (25; 27.5) 

[%]3 
14,504 9,534 11,370 6,388 13,107 8,144 10,210 5,214 

Severe case cost_detected mild or severe(25; 

22.5) [%]4 
14,638 9,645 11,478 6,477 13,222 8,240 10,286 5,276 

Cost treated mild case (25; 22.5) [%] 14,518 9,530 11,284 6,287 13,129 8,151 10,202 5,195 

One variable at a time was changed while the others were kept at the default value. Columns represent total 

present value of net avoided costs (PVNAC; €) calculated for the whole lifespan for each system when installed 

on the default farm, and hence represent the system’s farm-specific economic value. Row labels indicate the 

altered input variable. 
2 Legend: parameter (default value; new value) [unit] 
3 Severe case cost_detected mild or severe represents the percentile lowest cost values in the cost distribution used in 

the simulation for a severely lame cow detected mildly or severely lame.  
4 Severe case cost_detected non-lame indicates the percentile highest cost values in the cost distribution for a severely 

lame cow that is not detected (thus detected non-lame). 

 

Sensitivity analysis shows that increasing system lifespan increased the PVNAC, as more losses 

were avoided for an extra year for the same investment. Increasing herd size implies more 

lame cows on the farm because prevalence remains identical. Hence, more costs are incurred 

by both detection methods, but proportionally more losses will be avoided by automatic 

detection, thus increasing PVNAC. Increasing the prevalence of mildly lame cows implies 

higher total costs, but costs for automatic systems increase to a smaller extent, as several 

extra cases will be detected and treated, implying lower costs compared with current 

detection. Similarly, increasing the prevalence of severely lame cows increased PVNAC, as 

more severe lameness cases are detected and treated and hence more losses are avoided. 

Decreasing the discount rate increased PVNAC because capital interest rates are lower, 

rendering the investment more profitable. Logically, decreasing farmer labor time and hourly 

rate for fetching and trimming a mildly lame cow lowered treatment costs. Because current 

detection does not detect mildly lame cows, only costs incurred using automatic detection 

systems are lowered, thus increasing PVNAC. Decreasing treatment costs for curative 
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trimming caused by material consumption increased PVNAC as well, as fewer avoided losses 

are offset by money spent for treatment.  

 

Enlarging the severe case cost_detected non-lame implied slightly higher cost values in the 

simulation, thus increasing losses for untreated lameness. As automatic detection had a better 

detection performance, the increase is larger for current detection, thus increasing PVNAC. 

Decreasing severe case cost_detected mild or severe  decreased costs for losses caused by detected 

and treated severe lameness cases. The total decrease was higher for automatic detection 

systems compared with current detection due to more cases detected by automatic systems, 

implying an increased PVNAC. Lowering the costs due to treated mild lameness decreased 

total costs incurred with automatic detection systems, implying a higher PVNAC. 

 

In Figure 3.4, sensitivity analysis results are presented differently. For each variable, the 

relative PVNAC change with respect to the default value of each detection system is shown 

for the situation where no preventive half-yearly trimmings are performed. Variables were 

ordered ascending according to the size of PVNAC change. Herd size had the largest effect on 

PVNAC for all systems, as more lameness cases incorporated in the calculation strongly 

increase total costs. System lifespan had the second largest effect on PVNAC because it 

accounts for the avoided losses of a whole extra year, involving a large amount of money. 

Third, a higher prevalence of severely lame cows implies significantly larger costs, as each 

extra lameness case is costly. The fourth most important variable was the discount rate. 

Because interest rates are calculated for the total avoided costs, they are applied on a high 

amount of money. Hence, small changes in the discount rate can alter PVNAC substantially. 

This measure of return on investment is related to risk averseness of the farmer, and not 

directly linked to any technical aspects related to lameness detection.  

 

From the fifth most important variable on, the variable order is no longer equal for all systems. 

It can be concluded that the magnitude of changes is more alike with the remaining variables, 

and a lot smaller than that of the three most important variables. The fifth most important 

value was either the cost values used in the calculation of a treated severely lame cow (severe 

case cost_detected mild or severe), or the hourly labor rate of the farmer. The remaining input values 

were, in order of decreasing importance, the time for trimming a mildly lame cow, the 

prevalence of mildly lame cows, the lameness losses in case a mildly lame cow is treated, and 

the cost values used to calculate the cost of an undetected severely lame cow (severe case 

cost_detected non-lame). Treatment cost was the least important variable for all systems, which is 

probably due to its very low absolute value.  
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Figure 3.4. Percentage change in PVNAC compared to the default situation, for each changed variable and for 

each detection system (no preventive half-yearly trimmings were performed).  
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3.4 DISCUSSION 

 

3.4.1 MODEL RESULTS 

 

Using sensitivity analysis, the importance of model inputs and their relationships was 

investigated. Keeping assumptions made for simplifying the framework in mind, the obtained 

results should be interpreted with caution. The default situation illustrated the substantial 

effect of system performance on the PVNAC. Hence, higher PVNAC can be obtained when the 

number of false positives and false negatives are low, indicating that current system 

performances may need improvement to increase their cost effectiveness. Because system 

performance is related to investment costs, pursuing high detection performance may result 

in high investment costs as well. Farmers’ preferences for system performance and 

investment cost should be investigated to find out which detection performance farmers 

expect for which price. The calculated PVNAC values give a first indication of the maximum 

threshold on current investment costs of automatic detection systems to guarantee 

profitability. Total investment costs are necessary for calculating the NPVNAC to indicate 

whether investment in an automatic detection system is economically rational. As preventive 

half-yearly trimmings reduced PVNAC substantially, more research is needed to identify 

economically optimal combinations of preventive and curative measures in case of automatic 

detection. 

 

Large PVNAC differences seem to exist for farms with very different herd sizes. But, this model 

does not yet take into account that for some detection systems, the maximum herd size to be 

monitored using one system may be limited, but still quite large (e.g., for pressure mats), or 

that system’s costs may increase per extra cow in the herd (e.g., for accelerometers, where 

each cow should be equipped with a sensor). Because most automatic detection systems are 

not yet commercially available, no system lifespans are known yet. Because of the large 

influences of lifespan on PVNAC, good estimates are necessary for accurate economic valuing. 

Also, a correct determination of the on-farm prevalence is needed to allow for accurate 

estimation of the PVNAC on a specific farm. Conclusively, economic value seems highest for 

large farms with high lameness prevalence.  

 

3.4.2 FRAMEWORK USEFULNESS 

 

Despite its complexity and uncertainty, the proposed framework enables estimation of the 

economic value of automatic detection systems. Moreover, it indicated knowledge gaps that 

obstruct an accurate estimation of this value. Quantification of the conceptual framework has 

proven difficult, as only limited information on the possible effects of lameness on production 

factors is available. Further research is needed to more accurately describe these 

relationships. For example, better quantification of overall lameness costs, lesion-specific 

costs, and the effect of early treatment on these costs would increase model accuracy. In 
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addition, unifying the way system performances are expressed could help to further improve 

the accuracy of the economic value estimation.  

 

Initial PVNAC estimates indicate a rather low economic value with respect to current 

prototype costs (e.g., € 20,000 hardware costs for a walkover system using a pressure mat 

(Van Nuffel, 2014)). This indicates the need to downscale current system prototypes in terms 

of system cost (e.g., by lowering sensor costs), and to upscale the detection performance (e.g., 

by searching new sensor-derived variables that could increase detection performance) to 

increase their cost-effectiveness. Still, economic value may be difficult to obtain. Potentially, 

for some system types (e.g., cow-attached systems), the sensor could be used to also detect 

other physiological states such as estrus, disease, calving, or body condition score, which could 

increase cost-effectiveness significantly. Future research should hence explore ways to 

increase the cost effectiveness of automatic lameness detection by combining several health 

monitoring systems in one system. 

 

Even if automatic detection systems do not generate significant economic benefit, their 

beneficial effects on animal welfare (more timely treatment, decrease in duration of lameness 

status, less restriction in normal behavior such as lying or feeding time, and so on) could still 

justify the investment in improved lameness management. However, these beneficial effects 

are hard to express in monetary terms. Policy makers or milk buyers might decide on giving a 

premium based on higher animal welfare (Barnes et al., 2011) to stimulate investments in 

animal welfare, for which awareness of society and policy makers is growing. Consequently, 

the economic evaluation of automatic detection only does not provide the full picture. 

 

3.5 CONCLUSIONS 

 

We demonstrated that it is possible to draft an operational framework that captures the 

complex interplay in drivers for economic value of automatic lameness detection systems. The 

exercise yielded the understanding that, confronted with lack of literature data, simplification 

and prioritization are needed. However, the information gaps for appropriate calculation of 

the economic value of automatic lameness detection systems have also become apparent. To 

make profitability estimates more accurate in the future, more costs associated with lameness 

detection, such as costs for installation of automated detection systems, and the effect of a 

combined earlier detection and correct treatment on lameness costs should be determined 

and quantified. Cost calculations should be cause-specific to incorporate the hereby caused 

variability in costs and other implications. Included characteristics concerning the farmer, farm 

management and automatic detection performance should be revised and expanded. To this 

end, the model can be used to capture new forthcoming information and interactively set new 

priorities. Besides these recommendations, our results indicate that mainly large farms with 

high lameness prevalences would benefit from using the existing automatic detection 

systems. To make the technology also applicable for smaller farms and farms with low 



CHAPTER 3: Farm-specific economic value of automatic lameness detection  62 

lameness prevalence, downscaling system cost and upscaling system performance and 

lifespan are necessary to improve the economic value.  
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4.1 INTRODUCTION 

 

The results of chapter 3 indicated that automatic lameness detection systems can generate a 

positive economic value. However, despite this positive prospect, it is not clear to what extent 

such systems would be adopted in practice if they become commercially available, nor is it 

known what farmers expect from such systems. The adoption of automatic lameness 

detection systems in practice may depend on various factors. In particular, experiences of 

early adopters, farmers’ perception of the lameness problem and the estimated return on 

investment may influence the adoption rate. First, reports of early adopters on their 

experiences will affect the purchasing behavior of other farmers. Positive experiences may 

induce a ‘bandwagon effect’ (Baerenklau, 2005), encouraging other farmers to invest as well. 

However, if the early adopters are dissatisfied, their reports can make other farmers reluctant 

to purchase such systems, leading to poor adoption caused by a reverse bandwagon effect. 

Farmer involvement in research and development may help to avoid this by designing systems 

that meet farmers’ expectations (Sanders, 2002; van der Weerdt and de Boer, 2016). Thus far, 

farmers seem to not yet be involved in the development process of automatic lameness 

detection systems.  

 

Second, farmers’ perceptions about lameness and its impact on farm profitability may impede 

the adoption of new technology. Although farmers indicate having enough knowledge (Leach 

et al., 2010a), they are often not aware of the true lameness prevalence in their herd. Wells 

et al. (1993), Whay et al. (2002) and Espejo et al. (2006) concluded that the prevalence of 

clinical lameness estimated by farmers was 2.5, 4 and 3.1 times lower than the estimation by 

experts, respectively. The consequences of lameness are also underestimated, implying that 

farmers are typically not aware of the impact of lameness on farm profitability (Leach et al., 

2010a). Lack of awareness about lameness, its causes, possible ways to prevent or treat it and 

the effectiveness of actions taken, is likely to limit the intentions of farmers to reduce 

lameness on their farm (Leach et al., 2010a; Bruijnis et al., 2013). For example, Alawneh et al. 

(2012a) stated that the interval between detection of the lameness case and treatment was 

more than three weeks for more than 40 % of the severely lame cows, indicating that 

treatment is often delayed. Bruijnis et al. (2013) found that 25 % of the respondents in their 

study did not believe that cows could suffer pain, although animal welfare was valued as 

important. These perceptions could falsely lead to the conclusion that new technology is not 

useful, and hence impede an investment. Main et al. (2012) showed that monitoring and 

supporting farmers can encourage them to change their lameness management. Thus, 

farmers might change their attitude about automatic detection systems when they are well 

informed.  

 

Third, Farmers’ willingness to adopt new technology also depends on the economic effects of 

the investment on farm profitability. Borchers and Bewley (2015) concluded that the return 

on investment, the total investment and the system performance are important features 

when considering technology adoption. Therefore, manufacturers should find out how much 
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a farmer wants to pay for a detection system with certain features to design systems that are 

both affordable and profitable for the farmer.  

 

The goals of this study were, therefore, to (1) investigate which system characteristics of 

automatic lameness detection systems are important to farmers, (2) find out how 

sociodemographic and farm characteristics influence farmers’ preferences for lameness 

detection technology, and (3) find out how farmers’ preferences change after receiving extra 

information about lameness.  

 

4.2 MATERIALS AND METHODS 

 

4.2.1 EXPERIMENTAL DESIGN 

 

General approach  

 

A discrete choice experiment was used to investigate which lameness detection system 

characteristics determine farmers’ preferences. Discrete choice experiments are part of a 

method to elucidate stated preferences frequently used in agriculture to examine consumer 

choice behavior in hypothetical situations (Hensher et al., 2005; Lips and Gazzarin, 2008; 

Louviere et al., 2010). Stated preference approaches can be used for new developments not 

yet introduced to the market (Meenakshi et al., 2012), which is the case for automatic 

lameness detection systems. A disadvantage, however, is that the results are potentially 

biased, as potential end users could make choices without considering personal constraints 

(Hensher et al., 2005; Lagerkvist et al., 2006). Therefore, the hypothetical scenarios used in 

the experiment have to be as realistic as possible (Hensher et al., 2005).  

 

The following potentially important characteristics are put forward: percentage missed lame 

cows, percentage false alarms, costs per cow per year and indication of the lame leg. After 

giving the farmer extra information on the prevalence and cost of lameness, the same 

experiment was repeated immediately to explore the effect of this extra information on stated 

preferences.  

 

Respondents were asked to choose between three alternative lameness detection systems: a 

sensor attached to the cow, a walkover system, and a camera system. A fourth option (opt 

out) was provided to allow respondents to choose human visual inspection as the preferred 

system to detect lame cows (Table 4.1). Each option represented a different type of lameness 

detection with different levels (values) for the system characteristics. An example of such a 

choice set is illustrated in Table 4.1.  
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Table 4.1. Example of a choice set as presented to the farmer. Only one option or the opt out option could be 

chosen. 

 Option 1 Option 2 Option 3 Option 4 

Characteristics: 
System attached  

to the cow 

Walk-over 

system 

Camera  

system 
Opt out 

Percentage missed lame  30 30 10 I will detect the 

lame cows myself 

using visual 

inspection 

Percentage false alarms 0 5 15 

Cost/cow/year (€) 15 35 75 

Indication lame leg yes no Yes 

 

The system characteristics were chosen based on our experience, conversations with farmers 

and discussions during seminars for farmers. The associated levels (value of the characteristic) 

were based on values reported in recent literature and actual prices of devices such as 

accelerometers already used in practice for estrus detection (Table 4.2) (Bicalho et al., 2007; 

Van Hertem et al., 2014; Van Nuffel et al., 2015a). The choice sets were designed using Ngene 

(ChoiceMetrics, Sydney, Australia) to obtain the smallest possible orthogonal design, in order 

to keep the minimum number of respondents needed for the analysis as low as possible 

(Hensher et al., 2005). In total, 32 choice sets were made. 

 

Table 4.2. Lameness detection system characteristics and their levels used in the discrete choice experiment. 

System characteristic Possible level 

Percentage missed lame cows 0, 10, 20, 30 

Percentage false alarms 0, 5, 10, 15  

Costs/cow/year (€) 15, 35, 55, 75 

Indication lame leg yes, no 

 

Choice experiment 

 

Showing the respondent all 32 choice sets would require an extensive amount of time to 

complete the survey. This could trigger respondents to end the survey prematurely, leaving 

some choice sets unanswered. To avoid this, the Ngene software allocated the 32 choice sets 

to 8 blocks of each 4 choice sets. Each respondent was randomly shown only one of these 8 

blocks. The effect of providing extra information about lameness was investigated to find out 

whether choices were influenced after learning more about the consequences of lameness. 

Therefore, extra information was provided right after finishing the first block of 4 choice sets. 

Consecutively, a second block of 4 choice sets was shown to the farmer. It should be noted 

that the second block of 4 choice sets was always different from the first to avoid any farmer 

copying the same answers from the first block without considering the content. In addition, 

farmers were not allowed to look back at previous choice sets. 

 

The extra information shown to the farmers was: “Lameness is a top three health problem 

(Enting et al., 1997; Juarez et al., 2003), 5 to 50 % of the cows become lame per year in practice 
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(Rutherford et al., 2009; Pérez-Cabal and Alenda, 2014; Somers and O'Grady, 2015) and 

farmers only recognize one-fourth to one-half of the lame cows (Whay et al., 2002; Rutherford 

et al., 2009; Fabian et al., 2014).” Additionally, it was stated that treatment is often performed 

too late (Alawneh et al., 2012a), and that several implications of lameness involve financial 

losses, such as reduced milk production from 4 months before up to 5 months after lameness 

detection, with an average milk loss of 357 kg (Green et al., 2002; Archer et al., 2010b); more 

missed estruses because of less active cows (Morris et al., 2011); and higher treatment costs 

and labor (Bruijnis et al., 2010). It was also mentioned that lameness costs around € 70 per 

cow on the farm per year compared to € 78 per cow per year for mastitis (Huijps et al., 2008). 

This value was based on € 53 per cow in the herd per year as calculated by Bruijnis et al. (2010), 

and the current market situation after abolishment of the European milk quota in 2015, for 

which lameness costs were later estimated at € 81 per cow per year by Hogeveen (2015).  

 

General questions about farm and management  

 

General questions were asked at the start of the survey to get an idea of the farm situation 

and the farm management. These questions were translated into sociodemographic and farm 

characteristics used in the analysis of the discrete choice experiment. For some questions, an 

open answer was allowed, others had predefined answers to choose from (Table 4.3).  

 

Data collection 

 

Data were collected based on an online survey using LimeSurvey (Schmitz, 2015). The link 

needed for participation was sent to Flemish dairy farmers by email, incorporated in 

newsletters and mentioned on the website of the cow sensor knowledge platform (Koesensor, 

2014). An agricultural trade union (Boerenbond, Leuven, Belgium) and the Flemish milk 

control center (MCC Vlaanderen, Lier, Belgium) sent the email to their members. As such, only 

farmers who have access to internet and email were targeted. Dairy farms in Flanders are 

family businesses and hence privately owned; often these farms combine dairying activities 

with crop cultivation or other livestock rearing. Thus, the target group consisted of all types of 

dairy farms, regardless of the level of automation or type of management. Moreover, 

published information on management practices and level of automation on Flemish dairy 

farms is scarce. The survey started on June 3rd, 2014 and was active for a period of two months.  
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Table 4.3. Farm characteristics, their description and possible answers. 

Characteristic Description Answer options 

Region Province in which the farm is located Flemish Brabant, West Flanders, East Flanders, Antwerp, Limburg 

Age Age category of the respondent  < 30, 31-40, 41-55, > 55 year 

Herd size Amount of cows on the farm (lactating and dry cows, excl. 

young stock) 

Open 

Production Average milk production (kg milk/cow/year)  Open 

Milking system Milking system used Milking robot, carrousel, herring bone, side-by-side, tandem, other 

Pasture Are cows allowed access to pasture Yes, no 

Estrus detection Use of an estrus detection system Yes, no 

Detection system If estrus detection system present, which one  Pedometer, activity meter neck, sensor in ear, progesterone in milk 

Reason no system If no estrus detection system present, why not Too expensive, not user friendly, misses cows in estrus, too many 

false alarms, rather do it myself, other 

Calving interval What is the average calving interval on your farm in days  <380, 380-400, 400-420, >420, I don’t know 

First insemination Percentage pregnant after first insemination < 40 %, 40-45%, 45-55 % > 50%, I don’t know 

Inseminations Average No of inseminations per pregnant cow 1.6-1.8,1.8-2.0,2.0-2.2, >2.2, I don’t know 

Interval calf-insemination What is the average interval calving to first insemination in 

days?  

40-60, 60-80, 80-100, >100, I don’t know 

Endometritis Percentage cows with endometritis  < 10 %, 10-20 %, 20-30 %, >30 %, I don’t know 

Footbaths Use of footbaths Never, few times a year, monthly, biweekly, weekly, backpack 

sprayer 

Hoof trimming Frequency of hoof trimming Never, once a year routinely, twice a year routinely, more than 

twice a year, the whole herd when needed for a part of the herd, 

part of the herd when needed for the whole herd, other 

Prevalence lameness Lameness prevalence (% cows per year) Open 

Lameness importance Importance of lameness for the productivity and the wellbeing 

of the cows 

Scale of 1 to 10 (not important – very important) 

Lameness cost Cost of a lame cow  Estimate cost, I really don’t know how much a lame cow costs 



CHAPTER 4: Farmers’ preferences for automatic lameness detection systems 69 

4.2.2 DATA ANALYSIS 

 

Theoretical background for analysis of discrete choice experiments  

 

The analysis of discrete choice experiments is based on random utility theory, as first proposed 

by Thurstone (1927) and adapted later (McFadden, 1986; McFadden and Train, 2000; Louviere 

et al., 2010). This theory assumes that a person attaches a certain utility to each choice option 

he can choose from. These utilities cannot be observed by the researcher, but can be 

estimated by summarizing a systematic (explainable) and a random (unexplainable) 

component. The systematic component exists of attributes (i.e., system characteristics) that 

indicate differences between choice options, and other variables, known as sociodemographic 

characteristics (SDC) that indicate differences between individuals. The random component 

consists of unknown aspects that influence the decision process as well. The utility of a specific 

option (Uij) is given by the equation: 

 

ij ij ijU V    (4.1) 

 

Where Uij is the utility of individual j for choice option i (with possible options: sensor attached 

to the cow (i = 1), walkover system (i = 2), camera system (i = 3), and the opt out (i = 4)), Vij is 

the systematic component of individual j for option i, and εij is the random component of 

individual j for choice option i. Vij can be written more specifically when incorporating the 

attributes of the options, X, and the SDC’s of the farmers: 

 

0 1 1 2 2 1 1 2 2... ...ij ij ij ij ij ij kij kij ji j ji j nji njV X X X S S S                (4.2) 

 

where βkij is the weight of the kth attribute for option i for individual j, Xkij is the kth attribute 

for option i for individual j, βnji is the weight of the nth SDC for option i for individual j and Snj is 

the measurement of the associated nth SDC for individual j. 

 

As the utilities of different options in a choice set are not the same, the respondent chooses 

the option that has the highest utility in his opinion. The analyst, however, can only estimate 

the probability of an option to be chosen from the obtained information. The probability of a 

respondent choosing option i is the probability that the utility of option i is larger than that of 

option ii after evaluating all options in the choice set (sensor attached to the cow (ii = 1), 

walkover system (ii = 2), camera system (ii = 3), and opt out (ii = 4)). This probability can be 

written as:  

 

Pr Pr [( ) ( ) 1,...,4 ]i i i ii iiob ob V V ii ii and i ii          (4.3) 

 

From Eqn. (4.3), the probability an individual chooses option i over the other available options 

ii can be derived, 
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which can then be used later on to perform simulations to compare options with different 

attribute levels. 

 

Modeling the response data  

 

Farmers’ choices were analyzed using Nlogit (Econometric software Inc., NY, USA) using a 

multinomial logit model. In the first step of the analysis, the base model that describes the 

utility of each option was defined using the 4 attributes from the choice experiment with a 

multinomial logit model. For each option i, the utility was described by:  
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 (4.5) 

 

where β is the attribute constant, missedLame is the percentage missed lame cows, 

falseAlarms is the percentage false alarms, cost is the cost of the system and indicateLeg is the 

possibility of the system to indicate which leg is lame.  

 

In a second step, SDC and management characteristics (referred to as SDC) were defined and 

tested in a univariable way by adding them separately to the base model (Table 4.4). 

Therefore, some SDC were transformed by effect coding to facilitate the analysis and 

interpretation, whereas others were not retained in the analysis due to a lack of specific 

information or too little variation in the designated answers (Table 4.4). The SDC contributed 

significantly to the model when the p-value of the coefficient was smaller than 0.15. After 

determining which SDC were significant at the univariable level, a multivariable model was 

built using these SDC. The final model was then obtained by reducing the multivariable model 

to the SDC that were found to be also significant on the multivariable level (p < 0.05). A 

characteristic before/after extra information was added to the analysis, representing whether 

a choice set was shown to the farmer before or after the extra information to find out whether 

this information significantly contributed to the utility model. This way, comparing farmer 

preference across farmers before and after receiving extra information was possible. In order 

to make sure that the final model was not influenced by outliers in the incorporated 

characteristics, some tests were performed by leaving the outlier out of the analysis and 

comparing the modelling results. Such outliers (e.g. a farm with a herd of 500 cows was high 

above the Flemish average herd size) were found not to influence the final model. 
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Table 4.4. Sociodemographic and management characteristics retained in the analysis with their respective 

grouping levels. Values between brackets indicate the effect coding values assigned to the respective group level. 

Sociodemographic/management characteristic Grouping levels and coding reference 

Farmer age > 55; ≤ 55 year (-1,1) 

Importance of lameness ≤ level 7; > level 7 (-1,1) 

Interval calving to first insemination (dummy 1) ≤ 100 (1,0); > 100 days (-1,-1); I don’t know (0,1) 

Interval calving to first insemination (dummy 2) 

Estrus detection system present Yes; No (1,-1) 

Pasture allowed Yes; No (1,-1) 

Percentage lameness % lame cows 

Has idea of cost lameness Yes; No (1,-1) 

Use of footbaths Yes; No (1,-1) 

Type of milking system (dummy 1) 

Type of milking system (dummy 2) 

Milking robot (1,0); conventional (tandem, 

herring bone, carrousel, side by side) (-1,-1); 

stanchion barn (0,1) 

Number of cows on the farm Number of cows 

Kg milk production per year ≤ 8500 kg; > 8500 kg (-1,1) 

Before/after extra information Before; after (-1,1) 

 

Goodness of model fit was analyzed by calculating the pseudo-coefficient of determination 

(Hensher et al., 2005): 

 

_mod

_mod
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Null el

LL
Pseudo R
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   (4.6) 

 

where LLEstimated_model is the log-likelihood of the final model and LLNull_model is the log-

likelihood of the null model including attribute constants (β0) only. According to Hensher et 

al. (2005), a pseudo-coefficient of determination of 0.3 represents a decent model fit for a 

discrete choice experiment. 

 

Model interpretation  

 

Estimated model coefficients should be interpreted with care, as their value depends on the 

range of attribute levels used in the choice experiment (Hensher et al., 2005). Hence, 

coefficient estimates should not be compared between attributes or SDC included in the 

model. The utility assigned to an alternative with specific attribute levels is more informative. 

However, the utility derived from the choice model as described above is only meaningful 

when compared to that of another alternative in the choice experiment. In our study, visual 

lameness detection performed by the farmer (opt-out option) was used as a reference. The 

utility of all options is therefore related to the utility of the opt-out option, which was set to 

zero (Eqn. (4.5)). Utilities higher than zero indicate that the respective alternative is found 

more useful than the opt-out option and is thus preferred by the respondents. When an 

attribute level is increased by one unit, the utility assigned to the alternative increases with 
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the value of the attribute’s coefficient estimate in case of a positive estimate and vice versa, 

provided that all other attribute levels are kept constant. The units used in this study were 

hence 1 percentage point for the percentage missed lame cows and percentage false alarms, 

€ 1 per cow per year for the system cost, and present or absent as a representation of the 

ability to indicate which leg is lame.  

 

4.3 RESULTS 

 

4.3.1 SURVEY RESULTS 

 

Farm situation and background 

 

In total, 135 dairy farmers completed the survey. Most farmers (37 %) originated from West 

Flanders, 25 % from East Flanders, 23 % from Antwerp, 13 % from Limburg and 2 % from 

Flemish Brabant. The age distribution of the respondents was 22 %, 27 %, 43 % and 8 % for 

the age classes younger than 30, between 30 and 40, between 40 and 55 and older than 55, 

respectively. Sixty-seven percent of the farmers allowed their cows to go on pasture. The 

average herd size was 94 cows and ranged from 15 to 560 cows, with a median herd size of 

75 cows. The average milk production on the farm varied from 6,100 kg/cow/year to 12,000 

kg/cow/year with an average of 8,879 kg, which is slightly higher than the Flemish average of 

8,515 kg (CRV, 2016). 

 

Farm automation  

 

All main milking system types were represented in the responses: 33 % of the farms had a 

herring bone system, 21 % a side-by-side system, 20 % a milking robot, 15 % a tandem system, 

6 % a stanchion barn and 4 % a carrousel. On two out of five farms, an estrus detection system 

was present.  

 

Farmer lameness perception  

 

Seventy-eight percent of the farmers assigned lameness an importance of level eight or more 

on a scale from 1 to 10. Lameness prevalence was estimated lower than 10 % by 40 % of the 

farmers, and between 10 and 20 % by another 36 % of the farmers. Thirty-four percent of the 

farmers indicated to never use a footbath on their farm, while 21 % applied footbaths a few 

times a year, 5 % used them once a month, 30 % biweekly, 7 % once a week and 3 % used a 

backpack sprayer instead of a footbath. Farmers had varying ideas of the cost of a lame cow; 

however, only 37 % of the farmers made an estimation of the cost, as the rest indicated they 

had no idea of the cost of a lame cow. Of those farmers who did make an estimation, 8 % 

estimated the cost of a lame cow less than € 50, 17 % estimated between € 50 and € 100, 13 

% between € 100 and € 150, 10 % between € 150 and € 200, 21 % between € 200 and € 250, 
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10 % between € 250 and € 300, 6 % between € 350 and € 400, 10 % between € 450 and € 500 

and 4 % estimated the cost higher than € 500 per lame cow.  

 

4.3.2 CHOICE EXPERIMENT 

 

Modeling results  

 

In Table 4.5, the coefficient values, standard error and significance of each estimated 

coefficient in the base model, univariable models and multivariable model are summarized. 

The final multivariable model was 
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 (4.7) 

 

where impLameness is the importance the farmer attached to lameness, calfInsemd1 and 

calfInsemd2 are the dummy variables for the interval between calving and first insemination, 

estDet is the presence of an estrus detection system, and beforeafter is whether the choice 

set was shown before or after extra information about lameness, each with its corresponding 

coefficient (β). The pseudo-coefficient of determination of the final model was 0.19, which is 

equal to a coefficient of determination of about 0.45, but less than the aimed for pseudo-

coefficient of determination of 0.3 (Hensher et al., 2005).  

 

In the final model, all system attribute coefficients were highly significant. If the percentage 

missed lame cows would be decreased by 1 percentage point, the utility of the respective 

alternative would increase by 0.059 (Table 4.5). Similarly, lowering the percentage false alarms 

by 1 percentage point would result in a utility increase of 0.038. Decreasing system cost with 

€ 1 would increase utility by 0.023, and a system capable of indicating which leg is lame would 

have a utility 0.293 higher compared to that of a similar system not capable of indicating which 

leg is lame.  

 

Concerning the SDC, the importance of lameness, the presence of an estrus detection system, 

farmer’s age and the interval from calving to first insemination were significant (p < 0.001) in 

the univariable models. Milk production, whether the farmer had an idea on the cost of 

lameness and the extra information about lameness were also univariable significant (p<0.15) 

(Table 4.5). In the final model, only the importance of lameness, the interval from calving to 

first insemination, the presence of an estrus detection system and the extra information were 

retained, as they significantly contributed to the model (p<0.05).  
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Table 4.5. Analysis results of the base model, univariable models with SDC's and the final multivariable model. 

Coefficient values (betas), standard error (SE) and p-value are given. 

  Univariable model Final model (multivariable) 

  Coeff. (β) SE p-value Coeff. (β) SE p-value 

 Option       

B
as

e 
m

o
d

el
 

System attached to 
cow 

1.784 0.144 / 1.045 0.201 / 

Walk-over system 1.552 0.144 / 0.808 0.201 / 

Camera system 1.280 0.144 / 0.534 0.201 / 

       

Attributes       

% missed lame -0.058 0.004 < 0.001 -0.059 0.004 < 0.001 

% false alarms -0.038 0.007 < 0.001 -0.038 0.007 < 0.001 

System cost -0.023 0.002 < 0.001 -0.023 0.002 < 0.001 

Indication lame leg  0.293 0.050 < 0.001  0.293 0.050 < 0.001 
        

Ex
te

n
d

ed
 m

o
d

el
 

Socio demographic characteristics 
Pasture allowed   NSU    
Percentage 
lameness 

  NSU    

Importance of 
lameness 

 0.079 < 0.001  0.083 0.005 

≤ level 7 -0.294   -0.233   
> level 7  0.294    0.233   
Idea of cost 
lameness 

 0.070 0.027   NSM 

Yes -0.155      
No  0.155      
Footbath   NSU    
Milking system   NSU    
Interval calving –  
first insemination 

  < 0.001  0.288 < 0.001 

< 100 days  0.969    0.834   
> 100 days  0.257    0.294   
I don’t know -1.226   -1.128   
Age  0.115 0.001   NSM 
> 55 year -0.369      
≤ 55 year  0.369      
Herd size   NSU    
Milk production  0.070 0.028   NSM 
≤ 8500 -0.154      
> 8500  0.154      
Estrus detection 
system 

 0.071 < 0.001  0.074 < 0.001 

Not present -0.394   -0.285   
Present  0.394    0.285   

  
 Effect of extra information 0.066 0.021  0.069 0.016 
 Before -0.153   -0.167   
 After  0.153    0.167   

NSU: not significant in the univariate model 
NSM: variable significant in the univariable model, but not significant in the multivariate model 
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If the farmer attached level 8 or more to the importance of lameness, the alternative’s utility 

increased by 0.233, whereas levels of 7 or lower decreased utility by 0.233 (Table 4.5). Hence, 

the utility assigned to a specific alternative differed by 0.466 between both groups. Similarly, 

the presence of an estrus detection system increased utility by 0.285, whereas absence 

resulted in a decrease of 0.285 (Table 4.5). Farmers who did not know the interval between 

calving and first insemination on their farm decreased utility by 1.128, whereas farmers who 

report an interval of more than 100 days increased utility by 0.294. Farmers who reported an 

interval of under 100 days assigned utility 0.834 higher, resulting in a total utility difference of 

1.962 between this group an those who did not know the interval on their farm. Providing 

extra information about the prevalence and costs of lameness increased utility by 0.334 in 

total. 

 

Average lameness detection system utilities 

 

The mean utility for each option before and after providing extra information about lameness 

is shown in Figure 4.1. Results were separated for the different levels of the significant SDC in 

the multivariable model (Table 4.5). In Figure 4.1 A, the general utility comparison is 

presented. Compared with the opt-out situation, in which the farmer visually detects 

lameness himself without the help of a detection system, each automatic detection system 

scored negative. A sensor attached to the cow had the highest (least negative) utility, followed 

by a walkover system and a camera system. All utilities were negative on average, indicating 

that visual detection was preferred over any of the automated systems. After providing extra 

information, all utilities became less negative.  

 

Farmers who had an estrus detection system assigned higher utility values to all options 

involving a sensor compared to farmers without an estrus detection system (Figure 4.1 B). 

After extra information, the average utilities became positive for a sensor attached to the cow 

and a walkover system, indicating that those respective systems were preferred over visual 

detection by farmers who have estrus detection systems on their farm. Farmers who did not 

know the average interval length on their farm assigned the lowest utility to the lameness 

detection systems (Figure 4.1 C). Farms with a calving interval larger than 100 days assigned a 

higher utility, but lower than farms with an interval smaller than 100 days. Again, after 

providing information about lameness, the utilities increased for all systems. Farmers who 

attached more importance to lameness assigned higher utility values to the detection systems 

compared to farmers who found lameness less important, but after the extra information, 

both groups assigned higher utility values. 
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Figure 4.1. Comparison of the utility of each option: system attached to the cow (SAC), walkover system (WOS), 

camera system (CS) and visual detection (VD) before and after providing extra information about the 

consequences of lameness. (A) General comparison; (B) separated for farms with an estrus detection system 

present and farms without an estrus detection system; (C) separated for farms with < 100 days from calving to 

conception, > 100 days from calving to conception and farmers who don’t know the interval from calving to 

conception on their farm; (D) separated for farmers who find lameness very important (level ≥ 8) and farmers 

who find it less important (level < 8). 
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4.4 DISCUSSION 

 

4.4.1 GENERAL REMARKS ON SURVEY RESULTS 

 

The percentage respondents per region corresponded fairly well with the percentage of 

Flemish dairy farmers situated in each Flemish region in 2015, which is 37 %, 30 %, 17 %, 9 % 

and 8 % for Western Flanders, East Flanders, Antwerp, Limburg and Flemish Brabant, 

respectively (Belgian Federal Government, 2016a). The median herd size corresponded well 

with the Flemish average herd size of 77 cows (CRV, 2016), but the average milk production 

was slightly higher than the Flemish average of 8.515 kg (CRV, 2016). The distribution of used 

milking systems corresponded fairly well with that of Flanders, as 39 % of the Flemish farmers 

use a herring bone system, 7 % a side-by-side system, 11 % a milking robot, 16 % a tandem 

system, 23 % a stanchion barn, 3 % a carrousel and 1 % another type of milking system (Van 

Weyenberg, S., personal communication, MILControl, Merelbeke, Belgium). The percentage 

farms equipped with an estrus-detection system was slightly lower than the 26 % found in an 

earlier study on 208 farms (Santon, 2013). 

 

In our study, no response rate could be calculated, since it was unknown how many farmers 

had been reached after spreading the link to the survey through the different communication 

channels. The absolute number of respondents (135) was comparable to the studies of 

Mollenhorst et al. (2012) and Huijps et al. (2009) with 139 and 136 respondents, respectively. 

Our results showed that farms with a milking robot were overrepresented and farms with a 

stanchion barn underrepresented. The gathered data seemed to come from farms with more 

technology compared to the Flemish average. Hence, preferences of farmers with low 

production levels and little technology may be under-represented in these data, indicating 

that some selection bias was likely present. However, one could question if such selection bias 

is problematic for the interpretation of the results. Farms with low production levels and little 

technology are likely to be small farms, whereas the farmer is often close to reaching 

retirement age without having a successor to take over the farm. Moreover, as almost 50 % 

of the new milking installations in Belgium are milking robots (Fedagrim, 2017), the average 

technology level of farms that will stay in business is increasing. 

 

Only 37 % of the farmers in our sample gave an estimate for the cost of a lame cow when 

asked for it, which may seem low;  however, this result accords with the study of Leach et al. 

(2010a), where only 30 % of the farmers gave an estimate. This suggests that most of the 

farmers in our study are insufficiently aware of the cost associated with lameness in their 

herds. This could be because they may not really know the consequences of lameness well, 

which was previously also stated by Leach et al. (2010a), or because they are simply not 

interested in it and thus have no idea of the cost and various financial consequences. This 

indicates the importance of the third aim of our study, regarding the effect of providing extra 

information about lameness on farmers’ preferences.  
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4.4.2 ANALYSIS OF THE DISCRETE CHOICE EXPERIMENT  

 

Importance of automatic lameness detection system characteristics  

 

The first goal of our study was to investigate which characteristics of automatic lameness 

detection systems are important to farmers. All four characteristics (% missed lame cows, % 

false alarms, system cost, indication of the lame leg) contributed significantly to the model 

and were important to the farmer. As Bewley (2010) stated, the perceived economic return is 

one of the main influencing factors of technology adoption. The economic return partially 

depends on the system cost, which explains its importance in the results. Similarly to the study 

of Mollenhorst et al. (2012) on estrus detection systems, sensitivity (% missed lame cows) and 

specificity (% false alarms) were important features as well. The ability to indicate which leg is 

lame was also considered valuable.  

 

Our results showed that the sensor systems were not equally preferred by farmers. The 

system attached to the cow was preferred most, followed by the walkover system and the 

camera system. It is possible that the cow-attached sensor was favored because it reminded 

farmers of the existing pedometer and accelerometer systems used in estrus detection. 

Another possible explanation could be that farmers had their own barn layout in mind and 

were less convinced that the walkover and camera systems could be installed in their barn. 

However, no explanation could be found for the higher preference for the walkover sensor 

compared with the camera system.  

 

Importance of sociodemographic and farm characteristics  

 

The second aim of this study was to find out how sociodemographic characteristics influence 

farmers’ preferences for automatic lameness detection systems. Several SDC indeed 

influenced farmers’ preferences. Farmers who already use an estrus detection system 

assigned positive values to the sensor attached to the cow and the walkover system after extra 

information. These farmers are used to working with such technology. Hence, they could have 

a better insight in the possible value of the detection systems. This is in agreement with the 

findings of Khanal et al. (2010), who stated that adopters of a particular technology are also 

adopters of other technologies. Another explanation could be that these farmers thought that 

the lameness detection would just be an addition to their estrus detection system, and hence 

would not incur drastic changes on the farm or farm management. These farmers might also 

simply have a progressive attitude, and are thus more interested in technology compared to 

their colleagues who do not have estrus detection systems.  

  

The interval between calving and first insemination also had an effect on the utility values of 

the sensor systems. The shorter the interval was, the higher the utility of lameness detection 

systems became. This could indicate that farmers with good fertility results in their herd are 

more focused on health problems in general, and attach more value to detection systems. 
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Farmers who attached high importance to lameness also gave higher utility values to the 

automatic detection systems. This suggests that they are more interested in technology-based 

solutions or value the proposed sensors more highly compared with those who do not see 

lameness as a very important problem and might underestimate the problem as a whole. To 

conclude, farmers have a preference for different automatic lameness detection systems 

based on their current farm management and situation, and also on a tradeoff between 

several system characteristics, including performance indicators and financial implications.  

 

Importance of informing farmers about lameness consequences  

 

The third goal of our study was to investigate whether farmers change their preferences for 

automatic lameness detection systems after learning more about the consequences of 

lameness. This was indeed found to be true, as the variable describing whether a choice set 

was evaluated before or after showing the extra information contributed significantly to the 

final utility model. On average, the utility values of the detection systems were larger after 

extra information was provided. In other words, sensors with similar values for percentage 

missed lame cows, percentage false alarms, system cost, and lame leg indication were, on 

average, valued higher than before the information was provided. This indicates that farmers 

valued the sensor systems differently after learning more about the economic impact of 

lameness. A possible explanation could be that farmers did actually learn from this 

information, which might have influenced their opinion about the values of characteristics of 

automatic lameness detection systems.  

 

However, after receiving extra information, utilities remained negative on average, except for 

farmers who already had an estrus detection system. Hence, on average, visual lameness 

detection was still preferred. Leach et al. (2010a) and Bell et al. (2009) indicated that farmers’ 

underestimation of the lameness problem and its consequences might be the main reason 

why they are reluctant to implement new intervention strategies to reduce lameness on their 

farm. This could explain why the utility values of the sensor systems were negative and visual 

detection was preferred over the other options, in general, before the information was shown. 

In a similar way, farmers could be cautious to step away from their current lameness 

management based on visual detection. Moreover, as the economic value of lameness 

detection sensors is still unknown, farmers may find it difficult to balance their perceived 

financial loss against the system cost, especially because they underestimate these losses 

(Leach et al., 2010a). As a result, the potential value of a lameness detection sensor might be 

underestimated. Nevertheless, the extra information seemed to have triggered a reaction 

from the farmer, as preferences for automatic lameness detection systems were generally 

higher after reading the information. It can thus be concluded that informing farmers and 

increasing awareness about lameness can trigger farmers to change their preferences 

regarding automatic lameness detection systems.  
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4.5 CONCLUSIONS 

 

Our results indicated that the number of missed lame cows and false alarms, the system cost, 

and the ability to indicate which leg is lame are important features of automatic lameness 

detection systems. On average, farmers did not prefer automatic systems over visual lameness 

detection. However, farmers’ preferences changed after receiving more information about 

the consequences of lameness, leading to more interest in the automated detection systems. 

Furthermore, a farmer’s preference was based on a tradeoff between the type of system and 

system characteristics, including performance indicators and the system cost, and 

sociodemographic characteristics, such as farm management and other farm characteristics. 

Our study yields the hypothesis that dairy farmers might not be sufficiently aware of the 

consequences of lameness. Lack of knowledge implies a challenge for technology developers 

and manufacturers. Also, a niche market of farmers who already have a degree of technology 

on their farm could be targeted as potential early adopters of the new technology. 
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5.1 INTRODUCTION 

 

Current dairy research focuses on the development of technologies to detect health problems 

such as lameness, mastitis, and metabolic disorders  to improve farm profitability, animal 

health and animal welfare. In the previous chapter, farmers were found willing to pay for 

detection systems with a higher detection performance. However, it has not yet been clarified 

how the adoption rate in practice could change as a result of better detection performances 

or lower system prices. For the manufacturer, a high adoption rate is necessary to cover 

development and marketing costs. Potential adoption rates should therefore be estimated in 

advance to design systems that are useful for the farmer, but also commercially feasible 

(Wathes et al., 2008).  

 

The adoption of a health monitoring system depends on the usefulness that farmers attach to 

a system with specific characteristics. Possibly, farmers’ preferences could be diverse for 

different types of technology and hence lead to different potential adoption rates. As 

emerging technologies are not yet used in practice, no real market shares are available to 

demonstrate the effect of alternating system performances or costs. A simulation of potential 

market shares could provide an insight into these effects, and could be performed based on a 

utility model describing the usefulness that farmers attach to different technologies with 

specific characteristics. Such a utility model can be constructed based on the choice behavior 

of farmers as explored using discrete choice experiments (DCE). Revealing the preferences of 

the end user could support a more focused development, as system developers know what 

farmers expect and can take these expectations into account during development.  

 

Lameness is an important health and welfare problem with major consequences for 

productivity and farm profitability (Warnick et al., 2001; Bruijnis et al., 2010), but current 

detection methods are time consuming and subjective. Therefore, many research initiatives 

have focused on creating systems to detect lameness automatically and objectively. The most 

used technologies are camera systems (Van Hertem et al., 2014; Viazzi et al., 2014), walkover 

systems (Bicalho et al., 2007; Maertens et al., 2011) and cow-attached systems (Chapinal et 

al., 2011; Thorup et al., 2015). Except for StepMetrix™ (Boumatic, MA, WI, USA), none of these 

systems is already commercially available. Since the aforementioned research prototypes may 

be further developed into commercial applications, it would be useful to know the effect of 

important system characteristics on their potential market share. Such characteristics could 

be the system cost, the rates of undetected lame cows and false alarms, the ability to indicate 

which leg is lame, and how much earlier a lame cow can be detected. As it is unclear how 

much earlier a lameness case could be detected by using an automatic lameness detection 

system, this characteristic cannot easily be accounted for in market share calculations. For 

certain system types, the system cost may depend on the herd size, thus requiring a general 

cost characteristic when surveying farmers’ preferences.  In Chapter 4, we determined the 

importance of several aforementioned automatic lameness detection system characteristics 

using a DCE, but information about the path that will maximize the chances for adoption by 

the sector has not yet been provided. 
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The goals of this study were therefore to 1) investigate the effect of an improved lameness 

detection performance on the uptake of such technologies in dairy practice, 2) assess the 

influence of system costs on the potential adoption rate and 3) demonstrate the usefulness 

of discrete choice experiments to define development goals to improve the adoption potential 

of existing detection systems. 

 

5.2 MATERIALS AND METHODS 

 

5.2.1 EXPERIMENTAL APPROACH 

 

In chapter 4, we performed a discrete choice experiment to investigate which system 

characteristics of an automatic lameness detection system are considered important by 

Flemish dairy farmers. Farmers had to choose their preferred option from four options: a 

system attached to the cow, a walkover system, a camera system and visual detection without 

the help of a sensor system. In total, 135 responses from Flemish dairy farmers were gathered, 

totaling up to 1080 answered choice sets. Farmers’ choices were modeled in a utility model 

describing the usefulness that a farmer attached to each available option in the choice set. In 

this model, the system cost, percentage false alarms, percentage missed lame cows and ability 

of the system to indicate which leg is lame had a significant influence on the farmers’ 

perceived usefulness of automatic lameness detection systems. The reader is referred to 

Chapter 4 for more details. The resulting utility model (Eqn. 4.7) was used as a basis to 

simulate potential market shares. 

 

This model was used to calculate the average utility of the 135 farmers for one set of system 

characteristics for each technology and for visual detection. The market share (%) of each 

technology and visual detection, given the used system characteristics, could be calculated as 

a ratio between the average utility of one technology divided by the sum of the average 

utilities of all four options (the three technologies and visual detection) (Eqn. (5.2)): 
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(5.2) 

 

where N is the number of respondents (135), M is the number of systems including visual 

detection (4) and Ui,n is the utility attached to system i by farmer n. If the average utility that 

farmers attach to each of the four systems would be equal, all systems would obtain a market 

share of 25 %. The effect of altering system characteristics on the market share was assessed 

by comparing simulated market shares for two parametrizations: one where the performance 

of the detection systems was gradually improved and one where the system cost was 

gradually reduced. 
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5.2.2 EFFECT OF SYSTEM PERFORMANCE ON THE POTENTIAL MARKET SHARE 

 

To evaluate the effect of an improved system performance on the market share, the 

percentage false alarms and the percentage missed lame cows were decreased gradually, 

whereas the cost and the ability to identify which leg is lame were kept constant for all 

systems. The following combinations of percentage false alarms and percentage missed lame 

cows were simulated: (simulation 1) 30 % false alarms and 18 % missed lame; (simulation 2) 

24 % false alarms and 12 % missed lame; (simulation 3) 18 % false alarms and 9 % missed lame; 

(simulation 4) 12 % false alarms and 6 % missed lame and (simulation 5) 6 % false alarms and 

3 % missed lame. These five simulations were performed in combination with four situations 

with different cost values and lame-leg-indication: (1) cost of € 20 and no indication which leg 

is lame; (2) cost of € 20 per cow per year with indication which leg is lame; (3) cost of € 35 per 

cow per year without indication which leg is lame and (4) cost of € 35 with indication which 

leg is lame. The example system costs were chosen based on an expected lameness cost of € 

53 per cow per year (Bruijnis, 2012), and on the assumption that the cost of a detection system 

should not exceed the proportion of the lameness cost that can be avoided to be economically 

profitable for the farmer. As the potentially avoided losses are currently still unknown, the 

two system costs, € 20 and € 35 per cow per year, were chosen as a deemed realistic cost for 

automatic lameness detection systems ready for adoption in practice. All simulations were 

performed twice: first for the situation before the farmer received extra information about 

the consequences of lameness (i.e. milk loss, underestimation prevalence, financial losses, 

etc.) (beforeafter = 0 in Eqn. (5.1)), and again for the situation after receiving extra information 

(beforeafter = 1 in Eqn. (5.1)). In total, 40 simulations were performed. 

 

5.2.3 EFFECT OF SYSTEM COST ON THE POTENTIAL MARKET SHARE 

 

Next, the cost of all systems was gradually reduced to evaluate the effect of the system cost 

on potential market shares. System costs ranged from € 75 to € 15 and decreased in steps of 

€ 5 for all systems simultaneously. During the simulation, all other attributes (% false alerts, % 

missed alerts, lame-leg-indication) were kept constant for all systems. Two simulated system 

performances (20 % missed lameness cases combined with 10 % false alerts and 10 % missed 

lameness cases combined with 5 % false alerts) were chosen to represent a mediocre and a 

rather well performing system respectively. Simulations for four different system 

performance levels were performed: (simulation 1) 5 % false alarms and 10 % missed lameness 

cases without indication which leg is lame; (simulation 2) 5 % false alarms and 10 % missed 

lameness cases with indication which leg is lame; (simulation 3) 10 % false alarms and 20 % 

missed lameness cases without indication which leg is lame and (simulation 4) 10 % false 

alarms and 20 % missed lameness cases with indication which leg is lame. Similar to the 

previous section, all simulations were performed for the situation before and after the farmer 

received extra information. Hence, in total, 104 simulations were performed. 
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5.2.4 WILLINGNESS TO PAY FOR IMPROVED SYSTEM CHARACTERISTICS 

 

Willingness to pay (WTP) was calculated as a measure for the amount of money a farmer is 

willing to spend for a certain improvement in one of the system characteristics. WTP is 

calculated as the ratio of two system characteristic coefficient estimates mentioned in Eqn. 

(5.1). Hence, WTP was calculated for each system characteristic by dividing the coefficient 

value of the respective characteristic βj by the coefficient value for system cost (β3): 
 

3

j
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(5.2) 

 

where j=1 for percentage missed lame cows, j=2 for percentage false alerts, and j=4 for ability 

to indicate which leg is lame. Consequently, WTP is expressed in € per % point improvement 

for percentage missed lame cows and percentage false alerts, and as an amount of money (€) 

if lame leg indication is present. 

 

5.2.5 USEFULNESS OF THE DISCRETE CHOICE EXPERIMENT FOR FURTHER 

TECHNOLOGY DEVELOPMENT 

 

The potential adoption rate of a lameness detection system can be enlarged by altering system 

characteristic levels in such way that the utility of the system increases. The utility model (Eqn. 

(5.1)) can be used to provide guidelines for system developers to increase the adoption 

potential of their system. These guidelines can be visualized by presenting the utility attached 

to specific combinations of system characteristic levels in a 3D plot. First, possible 

combinations of automatic lameness detection system characteristic levels (% missed lame 

cows, % false alerts, cost per cow per year and the ability of the system to indicate which leg 

is lame) lying within the intervals mentioned in Table 5.1 were listed. Visualizations were 

composed of 3D-plots where each point of the 3D-grid represents one possible combination 

of system characteristic levels (Figure 5.1). Separate plots were made for systems with or 

without lame leg indication. The color of each plotted point was determined according to the 

size of the mean utility calculated using Eqn. (5.1).  

 

Within the 3D-plots, planes of points with similar utility values (hence similar color) can be 

defined, creating a stack of parallel iso-utility planes. This allows developers to identify which 

point in the 3D-grid belongs to the characteristic level of their current system. Consecutively, 

a desired utility value for the future system can be proposed. This implies that the respective 

plane containing the combination of desired characteristics is also known. Two planes can thus 

be defined: a first one containing the combination of characteristic levels of the current 

system (Figure 5.1, plane 1), and a second one containing the combination of characteristic 

levels of the desired improved system (Figure 5.1, plane 2). The latter can be defined by 

identifying the system characteristic levels that provide the desired utility value at the shortest 

distance from the current characteristic levels (P1). This point is the intersection point of the 
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second plane and a line perpendicular to the first plane through the point with the current 

system characteristic levels (Figure 5.1, P1).  

 

Using these visualizations, guidelines can be defined to indicate a direction to which further 

development should be focused to reach the desired result. An arbitrarily chosen example of 

a system that would benefit from improvement was used to demonstrate how such guidelines 

can be defined. A current system performance of 27 % missed lame cows, 13 % false alerts, a 

cost of € 41 per cow per year, no lame leg identification and a utility value of -1.20 was used 

as an example. Two example desired systems (i.e. improved versions of the example current 

system) were defined: the first system should have a utility value of 0, indicating that the 

system would incur equal usefulness compared to visual detection. The second system was 

defined by a utility value of 0.5. For each system, a combination of system characteristic levels 

that fulfills the prerequisites was defined for the case of a system attached to the cow. Both 

systems with and without lame leg identification were assessed for the future system 

configuration. 

 

Figure 5.1. Schematic representation of the combination of system characteristics of the desired system. Pw 

represents the combination of characteristic levels for the system considered worst, with 30 % missed lame cows, 

15 % false alerts and a cost of € 75/cow/year. Pb represents the system that is considered best, with 0 % missed 

lame cows, 0 % false alerts and the lowest cost (€ 15/cow/year). P1 is the point representing the example current 

characteristic levels with plane 1 containing all system characteristic combinations with utility equal to P1. Plane 

2 contains all system characteristic combinations that have the desired utility, and from which the most feasible 

option can be selected. P2 represents the combination with the smallest possible alterations to the current 

characteristics needed to reach the desired utility value for a future system.  
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5.3 RESULTS 

 

5.3.1 EFFECT OF DETECTION PERFORMANCE ON POTENTIAL MARKET SHARE 

 

In Figure 5.2, the simulation results for the effect of the system performance on the potential 

market share are shown. The market share of automatic detection systems was 2 % larger on 

average when the system can indicate which leg is lame compared to a similar system without 

this feature. This was both the case for the situation with the cheaper systems (A & B) and the 

situation with the more expensive systems (C and D). The market shares of systems with 

similar performance were smaller for more expensive systems (€ 35) compared to cheaper 

systems (€ 20). The market share of visual lameness detection was about 6 % lower on average 

when comparing similar sensor configurations in similar situations before and after the farmer 

received the extra information. Market shares increased by 3 % on average when the 

percentage missed lame cows and the percentage false alarms were decreased with 6 % and 

3 % respectively. 

 

Within each situation in Figure 5.2, the market shares of the automatic systems increased as 

the detection performance improved. In general, the market share of visual detection was 

more than 50 % in three of the four situations in the sensor configuration with the worst 

detection performance before the farmer received extra information. Visual detection was 

hence preferred over automatic detection systems. This market share decreased rapidly as 

the detection performance improved, resulting in a completely opposite situation when 

automatic systems had a high detection performance. The market shares within similar 

situations (A & C, and B & D), but with a different cost, were also different. Situations with 

more expensive systems had slightly lower market shares compared to the situations with 

cheaper systems. Although the cost of the more expensive system (€ 35/cow/year) was almost 

the double of that of the cheaper system (€ 20/cow/year), the market shares were only a few 

percentage smaller for the more expensive system when comparing similar performances 

between the situations. Systems capable of indicating which leg is lame realized market shares 

that were about 2 % higher on average for each sensor system compared to similar systems 

that cannot indicate which leg is lame. 

 

The fact that the system performance of each sensor was changed simultaneously led to 

proportional changes between sensor systems in all simulations. A sensor attached to the cow 

had the biggest market share, followed by walkover systems and camera systems. A camera 

system with lame leg indication and a cost of € 20 should not exceed a maximum of 12 % 

missed lame cows and 6 % false alarms in order to reach a similar market share as a walkover 

system with lame leg indication and a cost of € 20 that had 24 % missed lame cows and 12 % 

false alarms. 
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Figure 5.2. Simulated market shares (%) of the four detection systems after reducing the percentage missed lame 

cows (ML) and the percentage false alarms (FA) for four different situations before and after the farmer received 

extra information about lameness. A: (situation 1), system cost € 20/cow/year, no indication which leg is lame. 

B: (situation 2), system cost € 20/cow/year, indication which leg is lame. C: (situation 3), system cost € 

35/cow/year, no indication which leg is lame. D: (situation 4), system cost € 35/cow/year, indication which leg is 

lame. 
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5.3.2 EFFECT OF SYSTEM COST ON POTENTIAL MARKET SHARE 

 

In Figure 5.3, the influence of the system cost on potential market shares is presented. First, 

it should be noted that all presented results should be interpreted with care, as several 

assumptions that may not be valid in reality were made during simulation (e.g. simultaneous 

changes for all automatic systems). In general, market shares of the automatic detection 

systems increased clearly with decreasing system cost. Each system’s market share increased 

about 0.75 percent on average per cost difference of 5 €. Market shares were larger when the 

system performance (% missed lame and % false alerts) was better, and slightly larger (2 % on 

average) for systems capable of indicating which leg is lame compared to the same system 

without this feature. Market shares were slightly higher for equal system configurations in 

similar situations after the farmer received extra information about lameness. 

 

The market shares in Figure 5.3 changed only slightly with each step in cost reduction. 

However, for large cost differences, these small changes added up to quite large differences. 

Visual detection clearly lost popularity when automatic systems became cheaper. Also, similar 

results compared to the first part were found: systems that could indicate which leg was lame 

had higher market shares than those that didn’t have this feature, but the difference was often 

only one percent. When comparing the evolution between situations with similar systems, but 

different detection performances (Figure 5.3 A,C and 5.3 B,D), it was clear that the better 

performing systems had higher market shares. Similar to the results in Figure 5.2, the system 

attached to the cow had the highest market share of all automatic systems, followed by the 

walkover system. 
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Figure 5.3. Simulated market shares (%) of the four detection systems after reducing the system cost for all 

systems in four different situations before and after the farmer received extra information. A: (situation 1), 5 % 

false alarms, 10 % missed lame cows, no indication which leg is lame. B: (situation 2), 5 % false alarms, 10 % 

missed lame cows, indication which leg is lame. C: (situation 3), 10 % false alarms, 20 % missed lame cows, no 

indication which leg is lame. D: (situation 4), 10 % false alarms, 20 % missed lame cows, indication which leg is 

lame. 
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5.3.3 WILLINGNESS TO PAY FOR IMPROVED SYSTEM CHARACTERISTICS 

 

Based on the variable coefficients in Eqn. (5.1), farmers were willing to pay € 2.57 more per % 

point less missed lame cows, € 1.65 more per % point less false alerts and € 12.7 more if the 

system was capable of indicating which leg is lame. This means that when the percentage 

missed lame cows of a system with a specific performance configuration is reduced by one 

percent, the system cost can increase simultaneously by € 2.57 in order for the new system to 

reach an equal usefulness for the farmer and hence an equal market share compared to the 

original system. That is, if the percentage false alerts and the ability to indicate which leg is 

lame remain constant. For example, if a system with 27 % missed lame cows, 13 % false alerts, 

no indication which leg is lame and costing € 41 per cow per year, is altered to a system with 

27 % missed lame cows, 12 % false alerts and no indication which leg is lame, the system cost 

can increase to € 42.65 per cow per year while still reaching the same utility for the farmer. If 

the same system is altered to a system with 26 % missed lame cows, 12 % false alerts and no 

indication which leg is lame, the system cost can increase to € 45.22 per cow per year, and still 

reach the same utility for the farmer. 

 

5.3.4 DEFINING DEVELOPMENT GOALS FOR DETECTION PERFORMANCE 

 

In Figure 5.4, visualizations of the utility of specific system characteristic combinations are 

represented per technology type and separated for systems with or without lame leg 

indication. Planes with equal colors indicate equal utility values between sensor systems. 

Systems with lame leg indication generally had higher utility values and hence more warm 

colors (red, yellow) and less low utility values (dark blue). Utility differences between 

technology types were clearly visible, as a sensor attached to the cow had higher utility values, 

visible as more warm colors, compared the other technologies. Similarly, utility values were 

generally higher for walkover systems compared to camera systems. A utility value of 0 

indicates equal usefulness compared to visual detection, and was colored in yellow. As such, 

only a rather small part of each figure involves utility values higher than that of visual 

detection, indicating the need for high detection performance and low system costs to achieve 

high adoption rates for automatic lameness detection systems. 
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Figure 5.4. Visual representation of possible combinations of % missed lame cows, % false alerts, cost per cow per 

year and the ability of the system to indicate which leg is lame, separated per sensor technology (sensor attached 

to the cow, walkover system, camera system). Planes with similar colors indicate equal utility values. Utility values 

(dimensionless, respective to the opt-out option) vary from low utility (dark blue) to high utility (dark red). 

 

In Figure 5.5, the development goals to improve the example current system performance are 

presented visually for configurations with and without lame leg indication for the case of a 

sensor attached to the cow. Three points were defined: one representing the utility of the 

current system configuration (P1), one representing the system configuration for utility value 
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0 (P2), and one representing the system configuration for utility value 0.5 (P3), each lying 

within its respective plane of other combinations with equal utility values (plane 1, plane 2 

and plane 3, respectively). Each combination of system characteristics (P2, P3) was found by 

determining the intersection point of the desired utility planes with the line through P1 

(current system characteristics combination) perpendicular to plane 1. Hence, the 

combination of system characteristics that meets the desired utility with the smallest possible 

alterations (smallest spatial distance) to the current characteristic levels was found. The 

desired system performance with utility 0 was formed by a combination of 14 % missed lame 

cows, 5 % false alerts and a cost of € 36 per cow per year for a sensor system without lame leg 

indication (P2). The configuration for a system with utility 0.5 was 9 % missed lame cows, 1 % 

false alerts, and a cost of € 34 per cow per year without lame leg indication. If the system could 

identify which leg was lame, the prerequisites for the other system characteristics became 

less strict. In this case, utility 0 was already reached with a system with 17 % missed lame 

cows, 7 % false alerts and a cost of € 37 per cow per year (P2’). Utility value 0.5 was obtained 

for 12 % missed lame cows, 3 % false alerts and a cost of € 35 per cow per year (P3’). 

 

 

Figure 5.5. Visualization of the current system performance (P1), the desired system performance for utility value 

0 (P2) and the system performance for a system with utility 0.5 (P3) for a system without lame leg indication 

attached to the cow (left figure). Plane 1 combines different combinations of characteristic levels with a utility of 

-1.20, whereas plane 2 and plane 3 combine system performances with a utility of 0 and 0.5, respectively. System 

performances for future systems with lame leg indication are presented on the right (P2’ and P3’). P1’ was 

therefore defined as a fictitious current system performance with the same 3D position (thus same % missed lame 

cows, % false alarms and price) as P1. Equal colors indicate equal utility values. 
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5.4 DISCUSSION 

 

5.4.1 AUTOMATIC SYSTEMS HAVE TO BECOME CHEAPER AND MORE EFFICIENT TO 

BE PREFERRED OVER VISUAL DETECTION 

 

The results of this study emphasized the effect of the cost and performance of automatic 

lameness detection systems on their potential market shares. When automatic systems 

become cheaper, visual lameness detection will become less and less popular in favor of the 

automatic systems, as farmers’ willingness to adopt increases. Similarly, if the detection 

performance of automatic detection systems increases, the adoption in practice would likely 

improve. Cow-attached sensors have been reported to reach a sensitivity of 90.2 % and a 

specificity of 91.7 % (Beer et al., 2016), whereas Van Nuffel et al. (2015a) reached an overall 

sensitivity of 88 % and specificity of 87 % using a walkover device. Using another type of 

walkover system, Bicalho et al. (2007) achieved sensitivity and specificity results of 33.3 % and 

89.5 % respectively, whereas cameras have reached sensitivity values of 47.1 - 54.9 % and a 

specificity of 90.4 - 94.1 % (Van Hertem et al., 2014). The expected investment cost for these 

system is unknown, but is presumably rather high because they are still in development and 

not yet fully adapted for use on a farm. Current prototypes seem to need improvement by 

improving detection performance and lowering the system cost to be preferred over visual 

detection. This could be achieved by downscaling current system prototypes and by looking 

for new sensor-derived variables that may be useful to increase the performance of derived 

detection algorithms (cfr. Chapter 6 and 7). 

 

5.4.2 FARMERS ARE WILLING TO PAY FOR IMPROVED LAMENESS DETECTION AND 

INDICATION WHICH LEG IS LAME 

 

WTP values indicated that farmers are willing to pay € 2.57 more per % less missed lame cows 

and € 1.56 more per % less false alerts. These values were rather high, but may be 

overestimated due to the fact that respondents are not bound by real-life constraints when 

making choices in a choice experiment (Hensher et al., 2005). Nevertheless, these WTP values 

give an indication to what extent the system cost can increase if the performance is improved 

to reach a similar usefulness for the farmer compared to the original system. But, WTP-values 

do not take into account how this usefulness is translated into actual purchase decisions and 

adoption rates. In other words, although usefulness may be the same for the improved version 

of the system, it may still not be high enough for farmers to adopt it in practice. Hence, costs 

for improvement should be lower than the willingness to pay in order to increase system 

usefulness. 

 

Farmers were willing to spend an extra € 12.7 per cow per year on a system capable of 

indicating which leg is lame compared to one that is not. Although farmers want to pay a 

substantial amount of money for this ability, its actual usefulness may be limited in practice. 
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Lame cows tend to be trimmed on both their left and right hind hooves during claw trimming, 

which reduces the benefit of this ability. However, since lameness is situated on the front 

hooves in only 25 to 10 % of the cases (Barkema et al., 1994; Clarkson et al., 1996; Manske et 

al., 2002), front hooves are often not trimmed. Hence, indicating whether the problem is 

situated on a front or hind leg may be useful for the farmer. Furthermore, personal 

communication with farmers revealed that they may find this feature useful in the case of 

subclinical lameness. As the lame leg may not easily be identified and the actual lesion may 

still be hidden, the farmer may be unable to locate the lesion during a checkup. By indicating 

which leg is lame, the farmer or hoof trimmer has some prior knowledge about the affected 

leg and where to look in detail for possible problems. If the problem is not located on the 

hooves, such prior knowledge may facilitate diagnosis. 

 

5.4.3 DISCRETE CHOICE EXPERIMENTS PROVIDE VALUABLE INPUT FOR SYSTEM 

DEVELOPMENT 

 

One of the goals of this study was to demonstrate how discrete choice experiments could be 

useful for system developers to improve their prototypes towards commercially viable, well-

adopted systems. For example, developers could question whether the performance of a 

prototype should be increased or the cost reduced to optimally improve it towards a 

commercially viable system. If only system cost is altered, the desired combination is the 

intersection point of a vertical line (constant performance) through the point with the current 

characteristic levels and the desired utility plane (cfr. Plane 2 in Figure 5.1). For the example 

used in this study, altering the system cost only does not allow reaching the desired utility, 

since the vertical line through the current system (P1 in Figure 5.5) does not intersect with the 

desired utility planes (Plane 2 and 3 in Figure 5.5) within the range of possible values. Altering 

the detection performance by changing the percentage missed lame cows and the percentage 

false alerts while keeping system cost constant, allows one to reach the desired utility. In 

practice, it may be impossible to change only one characteristic to a large extent without 

deteriorating the level of the other system characteristics (e.g. decreasing system cost 

significantly without negatively affecting detection performance). This is caused by a system-

specific relation between the system cost and performance on the design side, which 

technically limits possible characteristic level combinations for the developer. As a result, large 

adaptations to the system will often require simultaneous alterations on the percentage 

missed lame cows, the percentage false alarms and the system cost to reach the desired 

utility. 

 

Two restrictions should be kept in mind when performing simulations using a utility model 

derived from DCEs. First, simulation values should lie within the range of possible system 

characteristic levels covered in the discrete choice experiment (Table 5.1). Second, the chosen 

system characteristic values and their combination should be realistic. In realistic scenarios, 

the varying detection performances of aforementioned systems could greatly influence 

market shares. Hence, the attribute levels of all systems - thus the other options - should be 
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realistic to obtain realistic market shares. If not, the simulation results will not be realistic 

either, resulting in skewed market shares and unrealistic expectations. Keeping these 

restrictions in mind, the presented method provides the possibility to assess the potential 

adoption rates of completely different systems. For example, one could simulate the market 

share of a very cheap but low performant sensor system, but also a more expensive high 

performant system could be simulated and compared to other technologies.  

 

Besides the constraints of the utility model, a combination of system characteristic levels 

obtained using the method presented in Figure 5.5, might be technically or economically 

unrealistic (cfr. relation between system cost and performance). For example, if development 

costs made to reach the desired performance become very high, or if sensor hardware costs 

increase significantly, the system’s selling price may rise above the desired system cost. Hence, 

certain combinations of system characteristics may not be achievable for the developer. 

Consequently, development goals need adjustment to be more feasible while still reaching 

the desired usefulness for the farmer. 

 

Farmers’ preferences for automatic lameness detection system characteristics vary, as they 

are influenced by certain socio-demographic characteristics such as the importance the 

farmer attaches to lameness, and whether the farmer already uses an estrus detection system 

on the farm (Chapter 4). As such, different systems with specific characteristic levels might be 

more useful for different target groups. For example, farmers with a severe lameness problem 

in their herd may be better off using systems that focus on the detection of very lame cows in 

a first stage, and hence settle with a lower detection performance for mild lameness. 

Otherwise, the farmer would be inundated with lameness alerts and could lose the overview. 

Only once the severe lameness problems are under control, a detection system focusing on 

mildly lame cows would be feasible for these farms. An alarm prioritization system may offer 

a solution to reduce the number of lame cow alerts and prevent the farmer from losing 

overview. Farmers that already have an efficient lameness management might need a more 

performant system to also detect mild lameness in an earlier stage. For those farms, lameness 

costs are already lower compared to farms with severe lameness problems. These farmers 

might aim for a reduction in labor time spent by performing visual lameness detection for 

practical or social reasons, and may hence be satisfied with a system that equals their own 

detection performance. Furthermore, farmer personality may influence the preferences for a 

detection system. In practice, some farmers may be willing to accept more false alerts if this 

implies no lame cow remains undetected. These farmers require a system with high sensitivity 

rather than high specificity. Other farmers may not be willing to accept false alerts and rather 

miss a lame cow than needlessly lose time to check up on a non-lame cow. The latter group 

requires systems with high specificity rather than high sensitivity. It would therefore be 

interesting if detection systems could be tailored to the farmer. 

 

In practice, developers and manufacturers cannot easily develop different systems for 

different target groups, as this would entail high development and manufacturing costs. It 

could be better to aim for an average system performance that meets average farmer 
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preferences and still reaches the desired market share for the manufacturer. Manufacturers 

could make this system adaptable according to the desires and daily management of the 

farmer by adjusting system settings, which could be done by changing detection thresholds 

for lameness alerts and by alert prioritization. This way, farmers could continue using the same 

system when the farm lameness status evolves from a severe lameness problem to a more 

acceptable situation thanks to better lameness detection and management. At the same time, 

the systems’ adaptability allows it to reach a high usefulness for many farmers, thus increasing 

the adoption rate of a one-fits-all automatic lameness detection system. 

 

5.4.4 MORE RESEARCH ON THE EFFECT OF EARLY DETECTION, FARM SCALE AND 

ECONOMIC VALUE OF AUTOMATIC DETECTION IS NEEDED TO SUPPORT FURTHER 

DEVELOPMENT AND ALLOW MORE ACCURATE MARKET SHARE ESTIMATIONS 

 

Some system aspects that may be important for farmers have not been included in this study. 

The cost of automatic detection systems was incorporated in the model, but the economic 

value was not included as a result of unclear economic values of current system prototypes 

(Chapter 3). Early detection has been found to affect this economic value, and may be an 

important system characteristic for the farmer, as it was indeed important in studies 

concerning automatic mastitis detection preferences (Mollenhorst et al., 2012). However, as 

farmers may currently delay the treatment of detected lameness in practice (Alawneh et al., 

2012a), early detection may only become important to farmers once they no longer 

underestimate lameness consequences and prevalence, as currently seems to be the case 

(Whay, 2002; Leach et al., 2010a). Little is known about how much earlier a detection system 

can detect lameness compared to the farmer (Chapter 3), hence farmers’ preferences for early 

detection were not yet investigated in this study. Furthermore, as farmers were shown a 

system cost per cow in the choice sets, possible relationships between system cost and herd 

size (e.g., walkover and camera systems vs. cow-attached systems) have still to be accounted 

for. When developing a one-fits-all system, developers should compare the current system 

cost per cow for different herd sizes with farmers’ preferences to determine a maximum 

target system cost. More research is needed to investigate which other aspects related to 

detection system characteristics or the socio-demographic characteristics of farmers could 

influence potential market shares of automatic lameness detection systems. 

 

5.5 CONCLUSION 

 

We performed simulations using a utility model derived from a discrete choice experiment to 

evaluate the effects of dairy farmers’ preferences, system detection performance and system 

cost on the potential market share of automatic lameness detection systems. The obtained 

results indicated that the market potential for cow-attached systems is the largest, as this 

technology was preferred over walkover and camera systems. To become more competitive 

and win more market share, the other systems should have higher detection performances or 

lower system costs. Reducing system cost by € 5 led to an average increase of 0.75 % in the 
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market share of each automatic detection system. Improving the detection performance by 

decreasing the percentage missed lame cows and percentage false alerts with 6 and 3 %, 

respectively, led to 3 % higher market shares on average for all automatic detection systems. 

The average willingness to pay was € 2.57 per percent less missed lame cows, € 1.65 per 

percent false alarms and € 12.7 for indication which leg is lame. A 3D presentation of the 

estimated utility values was proposed as a tool for tailor-made and demand-driven technology 

design. Manufacturers and developers of automatic lameness detection systems could use 

the results of discrete choice experiments to estimate the adoption potential of their system 

and to assess which adjustments would result in the largest increase in the adoption potential. 

 

 



 99 

 

 

 

 

 

 

 

CHAPTER 6 

 

ASSESSMENT OF 
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FOR THE GAITWISE SYSTEM 
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6.1 INTRODUCTION 

 

Farmers attach great importance to the economic profitability when considering investing in 

sensors that support health management (Rutten et al., 2013). A costly automatic lameness 

detection system would reduce the economic value of the system, and even nullify the benefit 

of an early detection that such system is aimed at (cfr. Chapter 3). Therefore, as can be 

concluded from Chapter 5, it is important to keep the system cost low in order to support the 

adoption of automatic lameness detection systems in practice. In addition, implementation 

difficulties could discourage farmers, leading to a lower adoption rate. On most farms no free 

space is available, hence the installation of an alley-based setup as needed for walk-over 

devices or camera systems can be difficult (Van Nuffel et al., 2015d). Systems that require too 

much space or adaptations in barn design might involve extra implementation costs or require 

a farmer to give up one or more cow places, and hence might have a repelling effect towards 

the farmer. Therefore, to improve the future adoption in practice, further development 

should take these negative system characteristics into account. 

 

Since the Gaitwise pressure mat is based on an existing sensor originally intended for 

application in human medicine (Maertens et al., 2011), the sensor provides very detailed 

information at a high cost. As this cost is too high to justify the investment for most dairy 

farms, it should be reduced. Because cows need to walk normally during monitoring, enough 

space (2 m) before and after the sensor was required, resulting in a total minimum length of 

about 10 m. Therefore, making the system smaller and more compact would also be beneficial 

for its adoption in practice. Both goals can be achieved by reducing the number of sensors. 

This can be done by decreasing the length of the active surface and by using larger sensors, 

resulting in a smaller sensor resolution and hence, fewer sensors. However, while applying 

these adaptations, the performance of the lameness detection system based on the gait 

variables derived from the sensor data should remain acceptable. Since no minimum 

sensitivity and specificity have been determined yet for automatic lameness detection 

systems, a sensitivity of 80 % and specificity of 99 % as used for automatic mastitis detection 

systems (Hogeveen et al., 2010) could be set as a goal.  

 

Therefore, the objective of this study was to examine to what extent the Gaitwise pressure 

mat could be downscaled without significant loss in lameness detection performance. The 

challenge for downscaling entails following research steps: (1) to investigate the minimal 

length of measurement zone needed without decreasing the performance of the lameness 

detection system, and (2) to investigate to what extent larger sensors could be used without 

compromising the system’s lameness detection performance. 
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6.2 MATERIALS AND METHODS 

 

6.2.1. THE GAITWISE SYSTEM  

 

The Gaitwise system was developed at the Institute for Agriculture and Fisheries Research 

(ILVO), Belgium, based on a large pressure sensitive mat which allows to measure different 

types of variables that describe cow gait and claw-floor interaction (e.g. spatial variables, time 

variables and force measurements). These variables provide the most direct way of measuring 

cow gait for automatic ‘locomotion scoring‘ of walking cows. Based on the available 

technology, a pressure sensitive mat used in human medicine research which provided 

information on the location, timing and relative pressure level of limbs contacting the 

measurement zone was selected (Maertens et al., 2011). The sensor has a spatial resolution 

of 1.27x1.27 cm (or a surface of 1.6 cm²), a frequency of 60 Hz and an active measurement 

surface of 48 by 384 sensors (61 by 488 cm) that registers the position of the hooves on the 

ground in an X,Y-plane (CIR Systems Inc., 2015).  

 

The raw data of each measurement contains the time (T), location (X,Y) and relative force (F) 

of each sensor in the grid that has a changed pressure value compared to the previous 

readout. From these raw data, hoof imprints are defined, which are then used for calculation 

of gait variables (Maertens et al., 2011; Van Nuffel et al., 2013). Basic gait variables consist of 

8 within-imprint variables formed by the stance time and average pressure of each leg, and 12 

between-imprint variables defined by the distances from the left hind (LH) leg to the right hind 

(RH), right front (RF) and left front (RF) leg in the X, Y and T dimensions. Inconsistency variables 

are calculated based on the average value and standard deviation of the basic gait variables, 

and hence represent the stride-to-stride fluctuation of the respective basic gait variable. 

Specific gait variables include variables that describe the asymmetry between hind and front 

legs based on the basic gait variables, as well as step overlap, abduction and speed. The 

current Gaitwise sensor provides sufficient information of at least two complete gait cycles in 

96 % of the measurements, which are needed to calculate inconsistency variables based on 

between-imprint variables. For all other variables, at least one full gait cycle – i.e. two imprints 

of each leg, hence minimum eight in total – is needed to allow calculation. 

 

6.2.2 DATA COLLECTION 

 

Lameness and gait data of 45 lactating Holstein cows were collected during seven months in 

2011 on the ILVO experimental farm by Van Nuffel et al. (2015a). Cows were housed in a 

freestall barn equipped with deep litter cubicles with straw as bedding material, and were 

pastured from April 15th until November 30th. Milking was performed in a 2 x 3 tandem milking 

parlor, with an average milk yield of 8,500 L. Cows included animals with different ages and 

parities, as well as different lactation stages. Gait data was collected using the Gaitwise sensor 

in the measurement setup described by Maertens et al. (2011), directly after milking. During 
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each measurement, at least three hoof imprints of each leg were recorded, resulting in 

minimum two complete gait cycles. The dataset used in this study included more cows and 

measurements compared to the dataset used by Van Nuffel et al. (2015a), as only a subset of 

the collected data (data of 36 cows) was used in the latter study. After removing failed 

measurements from the dataset, 1,240 of the 1,345 records (92 %) were retained for analysis. 

Reasons for failure were cows standing still on the sensor surface, two cows at the same time 

on the sensor, cows slipping during the measurement, the video recording being too dark to 

perform gait scoring or errors occurring during data processing.  

 

Lameness was scored visually on a scale from 1 to 3 by a trained observer based on the 

presence of different lameness attributes which were: low speed, irregular footfall in time or 

place, non-flexible joint movement, tender placement of the hooves, arched back, tracking 

up, head bobs and abduction. The within observer reliability was previously determined 

resulting in kappa = 0.93 (Van Nuffel et al., 2015a), indicating near perfect agreement (cfr. 

Section 2.6.3 in Chapter 2). The gait score was non-lame (GS 1) when none of the lameness 

attributes were present, mildly lame (GS 2) if one attribute was present and severely lame (GS 

3) when several attributes were present or a single attribute showed a clear impediment in 

locomotion. Cow gait was scored approximately every two days based on video recordings 

that were made while the cows walked over the Gaitwise measurement zone. Lameness 

scores were used as a silver standard for the development of lameness detection models. The 

goal was to include as many Gaitwise records in the analysis as possible, for which individual 

gait scores were needed. Therefore, the lame leg was not identified since this was not always 

easy to determine from video recordings, especially when the cow was lame on more than 

one leg at the same time. During live scoring, it is possible to make the cow take a right and 

left turn to better show which leg is lame (Liu et al., 2011), but this was not possible with video 

recordings. The distribution of scores GS 1, GS 2 and GS 3 was 64 %, 24 % and 12 %, 

respectively. 

 

6.2.3 SENSOR DOWNSCALING 

 

Sensor downscaling was performed by simulation of new sensor configurations based on the 

original sensor system, as no actual other hardware sensors were available. Manufacturing 

such new prototypes requires extensive research and development costs, hence simulated 

results could provide an idea about the possibilities for downscaling and decrease the number 

of hardware prototypes to be tested in the future. 

 

The first dimension in which the sensor can be downscaled is the length of the measurement 

zone. In order to calculate the gait variables, measurements of minimum one complete gait 

cycle (eight imprints) are a prerequisite. As all cows have their own specific gait pattern, the 

length of the measurement zone needed for a full gait cycle varies between measurements 

and between cows, as explained below.  
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The minimum length, defined by the first eight imprints of the cow on the sensor surface (one 

full gait cycle), is influenced by several factors. A first factor is defined by the body proportions 

of the cow. Large cows take larger steps compared to smaller cows, and hence need a longer 

distance to complete a full gait cycle (e.g. comparison average body size Holstein – New 

Jersey). This effect is visualized in Figure 6.1, where measurements of different cows are 

represented. The length needed for eight imprints is indicated by the grey line. Cow 2 had a 

slightly larger step length compared to cow 1, hence increasing the length needed to register 

eight imprints. A second factor is the position of the legs in relation to the position of the 

pressure mat before entering the measurement zone. In case the previous imprints of the cow 

fell right before the start of the measurement zone, the first part of the sensor surface will not 

register any imprints. This implies that a larger length is needed to monitor the eight imprints 

of a full gait cycle. If in contrary the first imprints on the sensor surface are very close to the 

beginning of the measurement zone, the needed length is a lot smaller. This effect is 

presented in Figure 6.1, where cow 3 put her feet down for the first time on a different 

position on the sensor surface compared to cow 4, thus influencing the needed length for a 

full gait cycle. The position of the first imprints on the sensor surface are indicated by the red 

circle in Figure 6.1.  
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Figure 6.1. Visual representation of the influence of cow body proportions and the place of the first recorded 

imprints on the length needed to monitor one complete gait cycle (eight imprints).The length needed to monitor 

eight imprints is indicated by the grey line. The position of the first imprints on the sensor surface is indicated by 

the red circle. 

 

The minimum length to monitor eight complete hoof imprints was determined for all 1,240 

records in the dataset. This minimal length of the measurement zone was set at 328 cm, as 99 

% of the records contained eight imprints at that respective length (Figure 6.2). The loss of 1 

% records was due to cows putting their feet on the ground right before the start of the 

measurement zone, implying that no imprints were monitored in the first 75 cm of the sensor 

on average. Hence, a length of more than 328 cm was necessary to monitor eight imprints in 

these cases. For further simulation, the length reduction was performed by cutting off the raw 

sensor data of the active surface after the first 328 cm. 
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Figure 6.2. Percentage measurements with at least eight complete imprints monitored in relation to the length 

of the measurement zone. The number of recorded imprints was assessed at different lengths of the measurement 

zone for 1,240 measurements. With this information, the percentage measurements with minimally eight 

imprints recorded, was calculated for each respective senor surface length. 99 % was reached at a length of 328 

cm, 100 % at a length of 358 cm.  

 

The second dimension in which the pressure mat can be downscaled is the size of the 

individual pressure sensors. This was simulated by combining data from several sensors in 

order to consider them as 1 larger sensor. This procedure is visualized in Figure 6.3. When one 

of the original sensors was triggered, the combined sensor was assumed to be triggered as 

well. The resulting pressure level was assumed to be the average of the pressure levels of all 

individual sensors. The following configurations were simulated by multiplying the length of 

each individual sensor in both dimensions: original sensor length (1 x 1), doubled length (2 x 

2), tripled length (3 x 3), quadrupled length (4 x 4), quintupled length (5 x 5), sextupled length 

(6 x 6) and septupled length (7 x 7). These configurations resulted in squares of sensors that 

consisted of 1, 4, 9, 16, 25, 36 or 49 original sensors taken together, respectively (Figure 6.3). 
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Figure 6.3. Illustration of the reduction of the sensor resolution by increasing the active sensor surface of individual 

sensors (thus using less sensors). The sensor size was changed by taking multiples of 1, 2, 3, 4, 5, 6 and 7 times 

the normal sensor length, resulting in larger square sensors and a lower resolution. 

 

In total, 14 configurations of sensor mats were simulated for all 1,240 Gaitwise 

measurements. Seven configurations were 488 cm long (original measurement zone length) 

with a resolution of 1 x 1, 2 x 2, 3  x 3, 4 x 4, 5 x 5, 6 x 6 or 7 x 7. The other seven configurations 

were 328 cm long (minimum measurement zone length) with a resolution of 1 x 1, 2 x 2, 3 x 

3, 4 x 4, 5 x 5, 6 x 6, or 7 x 7.  

 

6.2.4 CALCULATION OF GAIT VARIABLES 

 

All gait variables were calculated using a custom written gait-analysis software in Matlab 

(Matlab 2013a, The MathWorks, MA, USA) as developed in earlier research (Maertens et al., 

2011). Twenty basic variables related to the X, Y, T and P dimensions of the hoof imprints were 

calculated as described in Maertens et al. (2011). Sixteen inconsistency variables representing 

inconsistencies in the basic  X, Y and T variables were selected from the study of Van Nuffel et 

al. (2013). From this study, also some specific gait variables were used: step overlap, 

abduction, asymmetry in step time, asymmetry in step length, asymmetry in stance time and 

asymmetry in force. One extra specific gait variable describing the walking speed of the cow 

was added. Downscaling actions were applied on the raw sensor data for all 1,240 records 

depending on the sensor configuration. After that, the gait analysis software identified the 

imprints and calculated the gait variables, thus resulting in a separate dataset of 1,240 records 

for each sensor configuration. In case a measurement could not be processed by the custom 

software, the software gave an error by assigning an error value (9,999) to all gait variables to 

indicate that something went wrong. Errors occurred mainly due to problems with 
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identification of the imprints, as a consequence of missing imprints, due to erroneous merging 

of two imprints, or because a gait variable could not be calculated. The dataset of original 

measurements only contained measurements that could be processed correctly in the original 

sensor configuration. 

 

6.2.5 LAMENESS DETECTION MODELS AND THEIR PERFORMANCE 

 

A detection model was built for each configuration to assess the detection performance 

reached with the variables calculated from the simulated raw data for that respective 

configuration. The original sensor data was split into a training set used for model selection 

and a test set for model validation. The training set consisted of 100 randomly chosen records 

of each lameness status, hence resulting in a training set of 300 records. The remaining 940 

records were used as test set. Both datasets were the same for each configuration, i.e. a 

specific measurement was always member of the training data for all sensor configurations, 

or always member of the validation dataset. However, some measurements were not 

correctly processed by the custom software after application of the downscaling actions, 

implying that the number of records in the training dataset and validation dataset could differ 

between the different sensor configurations. All correctly processed measurements were  

retained in the respective dataset and used for model development or model validation. 

 

Principal components analysis was tried out to reduce variable dimensionality, but the results 

were not retained since no clear breakpoint was present in the resulting scree plot and the 

percentage explained variance by the first principal components was too low. 

 

Linear discriminant analysis was used to build a classification model that classifies each 

measurement in one of three lameness groups: non-lame (1), mildly lame (2) or severely lame 

(3). Model selection was performed using the linear discriminant analysis procedure in SPSS 

Statistics 23 (IBM Corp., Armonk, New York, USA) with locomotion score assigned by the 

expert as a grouping variable. Prior probabilities for lameness groups were calculated and 

taken into account before model selection. Models were selected with a stepwise variable 

selection algorithm using Wilks’ Lambda. Variables useful for grouping the records were 

significant at p < 0.05. Elimination of non-useful variables for grouping was performed at p-

values > 0.1. This was done in order not to exclude any variables too quickly from the analysis, 

whereas a stricter threshold was used for entry in the stepwise model. For each detection 

model, the true positive rate (TPR) or sensitivity, false positive rate (FPR), true negative rate 

or specificity (TNR) and false negative rate (FNR) were calculated for each lameness status 

separately: 
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With TP true positives, FP false positives, TN true negatives and FN false negatives calculated 

for each lameness class (i) separately by assuming the two remaining classes to be one 

complementary class to class i. The overall classification accuracy (ACC), indicating the 

proportion of correctly classified measurements over all lameness statuses, was calculated 

per detection model. Model robustness was verified by comparing the overall classification 

accuracy obtained with the test data to the overall accuracy obtained with the training data. 

 

6.3 RESULTS 

 

In Figure 6.4, the percentage records out of 1,240 measurements that were retained after 

applying the downscaling actions on the raw sensor data are illustrated. Loss of records was 

analyzed for the full dataset and for the training dataset for both original measurement zone 

length and minimum length for each square sensor configuration. Lost records were caused 

by the inability of the processing software to process the respective measurement correctly, 

resulting in an error. Up to resolution 4 x 4, losses were limited to less than 1 % of the records 

for both lengths for the full dataset as well as the training dataset. From resolution 5 x 5 on, 

the loss of records increased clearly. Results of the full dataset and the training dataset 

followed a similar decline in the curve.  
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Figure 6.4. Percentage records retained after variable calculation per sensor configuration. Results of the whole 

dataset (1,240 records) and the training dataset (300 records) for both original measurement zone length (488 

cm) and minimum measurement zone length (328 cm). 

 

In Figure 6.5, the effect of reducing the sensor resolution on the gathered data is illustrated. 

Images of the triggered sensors represent the result of a measurement with a walking cow. 

Seven sensor configurations with the original measurement zone length, but with different 

sensor resolutions are shown. All images were based on the same measurement. Each color 

corresponds to one specific leg, such that imprints with the same color correspond to the 

same hoof. A first observation is that the form of the imprint clearly differs between the 

configurations. The shape of the imprint becomes rougher with decreasing sensor resolution 

(increasing sensor surface). From resolution 3 x 3 on, it becomes more difficult to see that the 

triggered sensors correspond to imprints of a cows’ hoof, because the shape of the hoof is 

lost. Secondly, the configuration with the lowest resolution (7 x 7) resulted in an incorrect 

identification of the imprints. Several prints also seemed to be lost, which implied that part of 

the gait pattern information in the data was lost as well. These effects caused some records 

in the dataset to become erroneous, because the gait-analysis software was no longer able to 

process the data due to the applied reductions (cfr. Figure 6.5). Therefore, the number of 

useable records for model selection in the training set varied per lameness group and was not 

equal for each sensor configuration. Based on the percentage losses in Figure 6.4, the 

maximum resolution reduction was set to a multiple of 4 x 4 for further analyses.  
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Figure 6.5. Example image of the identified hoof imprints after a cow walked over the Gaitwise system for 

different sensor resolutions. Resolutions varied from the normal resolution (1 x 1) to seven times the normal 

resolution (7 x 7). Numbers on the axes represent the number of sensors in the width (X) and length (Y), colors 

represent the different legs: left hind (blue), right hind (red), left front (orange) and right front (green). 

 

The lameness detection results for each detection model based on the different configurations 

are summarized in Table 6.1. Numbers represent the number of records in each subgroup. For 

each lameness status, the TPR, TNR, FPR, FNR and ACC are shown. Overall accuracies varied 

between 55 % and 61 %. TPR and TNR varied between configurations, but for both, no clear 

trend was visible. TPR was highest for the non-lame cows in most configurations, and the 

lowest for the mildly lame cows. TNR was highest for the severely lame cows and lowest for 

the mildly lame cows in most configurations. Comparison of the number of records in each of 

the nine subgroups is difficult, as the total number of records used in the analysis differed 

between configurations due to lost records. The detection model based on the dataset of the 

original sensor configuration performed worse than that of Van Nuffel et al. (2015a). This may 

be attributed to the fact that more cows that were not lame on the left hind leg were 

represented in the current dataset, as only left hind lame cows were considered in the latter 

study.   



CHAPTER 6: Assessment of downscaling possibilities for the Gaitwise system 111 

Table 6.1. Lameness detection results of the test set for each of the retained system configurations. Columns 

represent the number of records in each lameness status as assigned by a trained expert: non lame (1), mildly 

lame (2) or severely lame (3).The total number of records is indicated by n. Rows represent the number of records 

in each lameness status as assigned by the detection model. Per lameness status, the true positive rate (TPR) (%), 

true negative rate (TNR) (%), false positive rate (FPR) (%), false negative rate (FNR) (%) and overall detection 

accuracy (ACC) (%) are given.  

   Original length 488 cm    Minimum length 328 cm  

   Gait score expert    Gait score expert  

   GS 1 GS 2 GS 3    GS 1 GS 2 GS 3  
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GS 1 418 44 3   GS 1 427 52 6  

GS 2 201 97 19   GS 2 214 100 18  

GS 3 78 51 29   GS 3 52 40 27  

TPR (%) 60 51 57   TPR (%) 62 52 53  

TNR (%) 81 71 85   TNR (%) 76 69 90  

FPR (%) 19 29 15   FPR (%) 24 31 10  

FNR (%) 40 49 43   FNR (%) 38 48 47  

  n: 940 Overall Accuracy: 58 %   n: 936               Overall Accuracy: 59 %  
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GS 1 397 47 5   GS 1 448 53 4  

GS 2 229 94 21   GS 2 179 88 19  

GS 3 68 49 24   GS 3 62 48 27  

TPR (%) 57 49 48   TPR (%) 65 47 54  

TNR (%) 78 66 87   TNR (%) 76 73 87  

FPR (%) 22 34 13   FPR (%) 24 27 13  

FNR (%) 43 51 52   FNR (%) 35 53 46  

  n: 934         Overall Accuracy: 55 %   n: 928               Overall Accuracy: 61 %  
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GS 1 443 49 5   GS 1 451 52 4  

GS 2 184 84 12   GS 2 171 89 21  

GS 3 66 57 32   GS 3 67 48 24  

TPR (%) 64 44 65   TPR (%) 65 47 49  

TNR (%) 77 74 86   TNR (%) 76 74 87  

FPR (%) 23 26 14   FPR (%) 24 26 13  

FNR (%) 36 56 35   FNR (%) 35 53 51  

  n: 932 Overall Accuracy: 60 %   n: 927 Overall Accuracy: 61 %  
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GS 1 431 49 5   GS 1 448 52 2  

GS 2 187 92 16   GS 2 176 85 21  

GS 3 75 47 27   GS 3 63 49 25  

TPR (%) 62 49 56   TPR (%) 65 46 52  

TNR (%) 77 73 86   TNR (%) 77 73 87  

FPR (%) 23 27 14   FPR (%) 23 27 13  

FNR (%) 38 51 44   FNR (%) 35 54 48  

  n: 929 Overall Accuracy: 59 %   n: 921 Overall Accuracy: 61 %  
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Variables included in the detection models varied between sensor configurations (Table 6.2). 

The basic gait variables containing stance time, force and the X,Y,T-variables from left hind to 

all other hooves were used frequently in all configurations. The distance from left hind to right 

front in the width (XLHRF) was used in almost all detection models. The time from left hind to 

left front (TLHLF) was often used in the detection models for minimum length configurations, 

but not for original measurement zone length configurations. The inconsistency variables 

were never used except for incons_StanceTimeRF and Incons_TLHLF, which were used twice 

and once respectively. Inconsistency variables for basic between-imprint variables could not 

be calculated for sensor configurations with a minimum length measurement zone. 

 

The specific gait variables step overlap and abduction were used in all detection models. 

Speed was always used for configurations with the original surface length, but not for 

configurations with the minimum surface length. Asymmetry variables were used only a few 

times. For configurations with the minimum length, the number of variables used in the 

detection model decreased with increasing sensor size. 
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Table 6.2. Variables retained in the lameness detection model of each system configuration. Variables calculated 

from distances: width (X), length (Y), time (T) for left hind (LH), right hind (LH), left front (LF) and right front (RF) 

hooves. The abbreviation used for Inconsistency variables was ‘incons’ and ‘A’ for asymmetry variables. Grey 

fields indicate variables that cannot be calculated for sensor configurations with the minimum length. Letter 'f' 

represents front feet, 'h' represents hind feet. 

 
 

Original active surface length 

488 cm 

Minimum active surface length 

328 cm  Variable\Resolution 1 x 1 2 x 2 3 x 3 4 x 4 1 x 1 2 x 2 3 x 3 4 x 4 
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 Total number of  

variables per model 10 10 13 10 15 11 8 6 
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6.4 DISCUSSION 

 

6.4.1 MINIMUM LENGTH 

 

Reducing the length of the measurement zone of the Gaitwise system results in fewer sensors 

and reduced need for available space, and should hence result in a reduced cost. Results 

showed that a length of 328 cm was needed to successfully monitor a minimum of eight 

imprints in 99 % of the records. However, some cow-related factors influence the minimum 

length needed for eight imprints. In the study of Telezhenko (2009), a negative correlation 

between body proportions and the stride length of a cow walking at chosen speed was found. 

The simulation in our study was based on the available cows at the ILVO farm which were all 

Holstein-Friesians. Since body proportions vary between cows and between cow breeds, the 

needed measurement zone length to monitor a minimum of eight imprints might also vary 

between farms. A system length that is sufficient for all farms and cow breeds should 

therefore still be determined.  

 

Reducing the measurement zone length had an effect on some of the gait variables derived 

from the sensor system (Table 6.2). For some inconsistency variables that are based on basic 

between-imprint variables, minimum two gait cycles - hence 12 imprints - are needed to allow 

calculation. Since only eight imprints were monitored in most records based on a reduced 

measurement zone length, these inconsistency variables could not be calculated in that sensor 

configuration. In a previous study of Van Nuffel et al. (2015a), gait inconsistency variables 

outperformed basic gait variables and seemed to have a higher potential for the detection of 

mildly lame cows compared to basic gait variables. The advantage of being able to calculate 

the inconsistency variables using the original length should hence be weighed up against the 

reduction in needed farm space for a shorter measurement zone length. Since the 

inconsistency variables were almost not used in the detection models in this study and the 

detection accuracy was not compromised, the advantage of using a shorter sensor system is 

considered largest.  

 

6.4.2 SENSOR SIZE 

 

Reducing the sensor resolution had a clear effect on the resulting data image from resolution 

3 x 3 on, as shown in Figure 6.5. Information about the shape, place and imprint area of the 

hoof seemed to be gradually lost with increasing sensor surface. Eventually, whole imprints 

were lost or misidentified, implying an incomplete gait cycle and inability for the gait-analysis 

software to calculate the gait variables. These effects were indeed found to be causing the 

lost measurements (Figure 6.4) when exploring the errors occurring in the data processing 

software more in detail.  
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Due to the lower number of sensors in the width, the position of left and right imprints 

gradually came relatively closer together since less non-triggered sensors lay in-between the 

imprints. Hence, separating the imprints on the left from imprints on the right using the 

software became more difficult, which led to misidentification and subsequently to processing 

errors. Missing imprints caused misidentification of remaining imprints as well, as was the case 

for resolution 7 x 7 in Figure 6.5. A similar effect was found in the length of the sensor which 

resulted in falsely combining the two imprints in one single imprint by the software. This again 

lead to missing imprints and misidentification, which lead to erroneous data processing and 

lost records, since it became impossible for the software to calculate the gait variables 

correctly. In those cases, the specific measurement was lost for further use in lameness 

detection.  

 

Since pressure levels of the original sensors were averaged to simulate the pressure level of 

the larger sensors, pressure peaks were smoothened more and more with increasing sensor 

size. This was the case because more and more untriggered original sensors became part of 

the simulated larger sensor. For low resolutions, i.e. large sensors, the pressure levels became 

so low that, combined with the fact that only a few larger sensors were triggered, variable 

calculation could be impeded. This again results in erroneous data processing. One way to deal 

with this could be to not take the pressure level of untriggered sensors into account when 

calculating the pressure level of the simulated larger sensor. As mentioned before, lost records 

imply that the detection of lameness becomes more difficult since no measurements are 

available for specific cows during one or more consecutive days. As shown in Figure 6.4, the 

number of lost records increased clearly from resolution 5 x 5 on. Increasing the sensor size – 

without losing the current measurement frequency – seems to be limited to a minimum 

resolution of 4 x 4. 

 

Another implication of the larger sensors was that gait information might be lost. Although 

the gait variables used in this study only included variables derived from the entire imprint, 

there could be more information hidden in each imprint. For example, cows sometimes bear 

more weight on the lateral claw to reduce pressure on the medial claw to relieve pain due to 

an injury on this claw. Claw-specific variables may hence contain extra information about 

lameness. By extension, all possible claw-specific variables were largely lost due to the 

resolution reduction. Although such variables were not used in this study, their potential could 

still be explored in the future.  

 

6.4.3 COMPARISON OF CLASSIFICATION ACCURACY 

 

Since reducing the length and resolution of the sensor system might influence the lameness 

detection performance, a detection model was built for every sensor configuration up till a 

resolution of 4 x 4. Test set accuracies showed no remarkable changes in detection 

performance between the different sensor configurations based on the same measurement 

zone length. Also, no clear differences were found between similar resolution configurations 
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for both tested system lengths. These results suggest that downscaling the Gaitwise system is 

possible in both system length and sensor resolution, but might be limited to a minimum 

sensor resolution of 4 x 4. Since the overall accuracy of the original sensor was only 58 %, more 

research is needed to improve the classification accuracy. One possible way to improve the 

accuracy could be to define new gait variables that are useful for lameness detection (e.g. 

claw-specific variables or other variables that are related to gait changes due to lameness, see 

Chapter 7), or to use other modelling approaches such as individual monitoring rather than 

group-based monitoring (see Chapter 8). In case new variables are determined in the future, 

the impact of downscaling the sensor system should be reassessed for these variables. 

 

The variation in variable types used in the detection models was relatively small (Table 6.2). 

The frequently used variables such as stance time, force, step overlap and abduction were 

indeed the variables that were expected to be largely influenced by lameness. Speed was 

important for the original length configurations, but seemed to be replaced by the time from 

left hind to left front (TLHLF) in the models for configurations with the minimum length. These 

results indicate that the variables used in the models were quite equally capable of indicating 

lameness before and after applying reductions. Looking at Table 6.2, variables of for example 

the left leg were included in some models, whereas the corresponding variable for the right 

leg was not included (e.g. XLHRF is included but XLHLF not). As the discriminant analysis 

searches for those combinations of variables that best classify the Gaitwise measurement in 

the correct lameness category, it only retains those variables that are most significant in order 

to obtain a parsimonious model. Therefore, it does not take into account that it would seem 

logical to include two or four similar variables together in the model. This implies that the 

variables included in the model could differ from dataset to dataset, as some measurements 

are lost due to the downscaling actions, and hence the significance of each variable in the 

model could alter between datasets. Which variables are included could also depend on the 

most prevalent lame leg in the dataset, as other variables may become more interesting for 

lameness detection. This most prevalent lame leg could also vary between the different 

datasets due to lost records. These effects could explain the variation in included variables in 

the detection models presented in Table 6.2. Perhaps this would be less of a problem if the 

model would also identify the lame leg, which was not done in this study, because the lame 

leg could not be identified for all measurements in the dataset. Another way to avoid such 

effects is to only include variables that always change in the same way if lameness is present, 

independently of which leg is actually lame. To avoid this problem in the future, the used 

modelling approach should be re-evaluated, especially since individual monitoring might 

provide a better detection performance compared to group-based monitoring. 

 

Our study did not assess the actual cost reduction achieved by downscaling and only focused 

on the technical aspects. In case there were no fixed costs and the cost reduction is linear to 

the applied downscaling actions, a reduction of 33 % was achieved by reducing the total sensor 

length, and a reduction of 75 % was obtained by reducing the sensor resolution. Combined, 

this implies a cost reduction of 83 % compared to the original system cost. The changes in cost 

should, however, be explored when actually manufacturing a downscaled version of the 
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Gaitwise sensor. The actual cost of the downscaled system would then be known and could 

be compared to the cost of the original system. Therefore, future research should focus on 

quantifying the impact of downscaling on the final  price, at which the system can be supplied 

by the manufacturer.  

 

6.5 CONCLUSION 

 

From this study, it can be concluded that downscaling the length of the measurement zone to 

a minimum of 328 cm was possible without extensive loss of usable data records. Downscaling 

the sensor resolution up to a multiple of four times the original resolution was possible 

without decreasing the lameness detection performance. Performing both downscaling 

operations at the same time yielded detection results similar to these of the original sensor 

configuration without significant loss in lameness detection performance. Future research is 

recommended to quantify the changes in cost when comparing the original sensor system to 

this downscaled alternative. 
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CHAPTER 7 

 

ASSESSING NEW VARIABLES 

RELATED TO TENDERNESS OF 

HOOF PLACEMENT AND 

WEIGHT DISTRIBUTION  
 

 

 

 

 

This chapter was adapted from: 

 

Van De Gucht, T., W. Saeys, S. Van Weyenberg, L. Lauwers, K. Mertens, L. Vandaele, J. 

Vangeyte, and A. Van Nuffel. 2017. Automatically measured variables related to tenderness 

of hoof placement and weight distribution are valuable indicators for lameness in dairy 

cows. Appl. Anim. Behav. Sci. 189(C):13-22. 
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7.1 INTRODUCTION 

 

Several, technologies are being developed to support dairy farmers by automatically detecting 

lameness (Flower et al., 2005; Neveux et al., 2006; Munksgaard et al., 2007; Pastell et al., 2009; 

Chapinal et al., 2011; Maertens et al., 2011; Skjoth et al., 2013; Van Hertem et al., 2014). Such 

systems rely on measuring cow gait characteristics that are different between lame and non-

lame cows and algorithms that can detect these changes. The gait characteristics measured 

by these technologies are generally based on lameness indicators used during visual 

locomotion scoring.  

 

Visual lameness indicators have been shown to be closely related to lameness. However, they 

often tend to be clearly visible in severely lame cows, but less obvious in mildly lame cows. On 

the other hand, the indicator ‘tenderness of hoof placement’ or ‘tenderness’ was observed 

much more in mildly lame cows during visual locomotion scoring compared to the other 

indicators. There is, however, no proper definition available for ‘tenderness of hoof 

placement’ (Van Nuffel et al., 2015c), nor has this lameness indicator ever been thoroughly 

investigated using technology-derived variables that quantify how the hoof is placed on the 

ground. Similarly, shifts in double and triple support time, describing the time walking cows 

spend with two or three feet on the ground respectively, have been suggested as valuable 

indicators (Flower et al., 2005). However, they have never been used in visual locomotion 

assessment, as human observers are not able to see and hence score such gait characteristic 

due to the small time intervals and the subtleness of the changes herein.  

 

To investigate the possible added value for lameness detection of variables describing the way 

the full body weight is supported by the four legs during a complete gait cycle, several new 

variables were defined using Gaitwise data. In this study, these variables were evaluated for 

their usefulness to distinguish between non-lame, mildly lame and severely lame cows. If 

these variables are indeed useful, they can be used to improve the detection performance of 

existing lameness detection algorithms. In this way, the economic value and usefulness of the 

detection system for the farmer would be improved, and the adoption in practice would be 

stimulated (cfr. Chapter 3, 4 and 5).  

 

7.2 MATERIALS AND METHODS  

 

7.2.1 BACKGROUND 

 

In Table 7.1, indicators that are frequently used in visual locomotion scoring systems are listed 

together with technologies that can directly or indirectly measure such indicators. As 

mentioned before, no technology has been used to measure the indicator ‘tenderness of hoof 

placement’. However, pressure plates, pressure mats or camera systems may be able to 

measure tenderness of hoof placement.  
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To better understand the usefulness of these suggested variables that describe how a cow 

supports her body weight between her four legs, the gait and hoof placement of cows need 

to be closely monitored. Maertens et al. (2011) developed a pressure mat, known as the 

Gaitwise, to monitor the contact between the hoof and the ground at a high frequency (60 

Hz). This technology could provide a better insight in the events taking place during the 

transition of the hoof from a non-weight bearing to a full weight bearing position and vice-

versa within one leg as well as the redistribution of the full body weight over the four legs.  

 

Hoof placement 

 

In Figure 7.1, the gait data acquired using the Gaitwise system for a cow is visualized in detail. 

On the left, the XY and YT representations of the Gaitwise output are shown for a cow walk 

from left to right. The XY representation shows the imprints of the hooves on the floor from a 

top view. The YT representation shows the imprints in the walking direction and the time of 

the walk. The stance time of each imprint can be derived by subtracting the time of the first 

contact of the hoof with the ground from the time of the last contact with the ground. Each 

leg is indicated by a specific color. In Figure 7.1 A-D the YT dimensions of an imprint of one 

single hoof are illustrated. As demonstrated in Figure 7.1 A, the total stance time of an imprint 

can be divided into three phases: (1) a landing phase in which the hoof is placed on the ground, 

starting from the first contact of the heel until the whole hoof rests on the ground, (2) a full 

weight bearing phase in which the whole hoof is on the ground and the weight of the cow is 

supported, and (3) a lifting phase where the hoof is lifted, starting from lifting the heel until 

the toe is fully lifted from the floor and the hoof is no longer in contact with the ground.  

 

For lame cows, the time needed to complete each of these phases may be different compared 

to a non-lame cow. For example, tender placement of the hoof may result in a longer time for 

hoof placement (landing) and a faster hoof release (lifting), as shown in Figure 7.1 D. Other 

possibilities are that the landing or lifting times become larger (Figure 7.1 C) or smaller (Figure 

7.1 B) due to lameness. Figure 7.1 E represents the pressure exerted on the ground during the 

stance time, expressed in eight levels with maximum pressure in red and minimum pressure 

in blue. As lame cows are often reluctant to place weight on the lame leg, a reduced pressure 

would be recorded for this leg. Therefore, the proportion of the full weight-bearing phase 

where the maximum pressure is exerted relative to the total time of this phase may give an 

indication of reluctance to bear weight on the respective leg (Figure 7.1 E).  
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Table 7.1. List of indicators used during visual locomotion assessment, their definition and possible technologies that directly measure the respective indicator as found in 

literature. Possible other indirect measureable indicators were added in italic. 

Indicator Definition Technology for direct measure Technology for indirect measure 

Back arch Curvature of the spine, degree of spinal arching 

(O'callaghan et al., 2003) Convex back line formed by the 

spine between the withers and tailbone (Schlageter-Tello 

et al., 2014) 

Camera system: curvature of circle through spine 

(Poursaberi et al., 2010), back posture measurement, 

body movement pattern (Poursaberi et al., 2011; Viazzi 

et al., 2013; Van Hertem et al., 2014) 

Pressure mats: shorter steps, lack 

of tracking up 

Head bob A nodding vertical movement of the head as the lame 

foot makes contact with the ground (Nordlund et al., 

2004) 

Camera system: body movement pattern (Poursaberi et 

al., 2011; Viazzi et al., 2013; Van Hertem et al., 2014) 

Accelerometers: accelerations of the neck 

Pressure mats, pressure plates: 

Increased or decreased pressure 

Tracking up Over- or under extensions of the stride of a hind limb 

resulting in the hind claw not being placed on the same 

location as the front claw after initiation of the stride 

(Shearer et al., 2013) Distance between the position of 

the front foot and hind foot on the same body side on the 

floor in the subsequent step (Schlageter-Tello et al., 

2014) 

Pressure mat (Maertens et al., 2011) 

Camera (Pluk et al., 2010) 

Camera: curvature of the back 

Joint flexion Limited flexion and extension resulting in stiff joints 

(Flower and Weary, 2006) Obvious joint stiffness 

characterized by lack of joint flexion (Schlageter-Tello et 

al., 2014) 

Camera system: range of motion (Pluk et al., 2012), 

maximum stride height (Flower et al., 2005) 

Pressure mats: shorter steps, lack 

of tracking up 

Tenderness Cautious placement of the hooves on the ground 

(Manson and Leaver, 1988; Maertens et al., 2011) 

Pressure mat (?) 

Pressure plates (?) 

Cameras (?) 
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Table 7.1. (Continued). List of indicators used during visual locomotion assessment, their definition and possible technologies that directly measure the respective indicator as 

found in literature. Possible other indirect measureable indicators were added in italic. 

Indicator Definition Technology for direct measure Technology for indirect measure 

Asymmetric 

steps 

Arrhythmic hoof placement (Flower and Weary, 2006) 

Asymmetry of distance/time in the imprints between 

two consecutive strides (Schlageter-Tello et al., 2014) 

Pressure mat (Maertens et al., 2011; Van Nuffel et al., 

2015a) 

 

Reluctance to 

bear weight 

Uneven weight bearing among legs (Flower and Weary, 

2006) Cow avoids bearing weight in the affected limb(s) 

(Schlageter-Tello et al., 2014) 

Pressure plates: weight (Rajkondawar et al., 2002; Neveux 

et al., 2006; Rushen et al., 2007)  

Abduction Sideways distance between the front foot imprint and 

the next placement of the hind foot on the same side 

(Telezhenko, 2009) Tendency to rotate the limb 

outwards and hock inwards (Schlageter-Tello et al., 

2014) 

Pressure mat (Maertens et al., 2011)  

Stride length  Horizontal displacement between two consecutive hoof 

strikes of the same hoof (Flower et al., 2006) 

Pressure mat (Maertens et al., 2011) 

Camera system (Flower et al., 2005) 

 

Speed Covered distance per time unit: stride length/stride 

duration (Flower et al., 2006) Reduction in speed of 

displacement (Schlageter-Tello et al., 2014) 

Pressure mat (Maertens et al., 2011) 

Camera system (Flower et al., 2005; Chapinal et al., 2011) 

Photo cells (Rajkondawar et al., 2002) Accelerometers  

(Chapinal et al., 2011) Localization system (?) 
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Figure 7.1. Schematic representation of the new variables ‘time for hoof placement’ (landing), ‘time for full weight 

bearing’ (duty) and ‘time for hoof release’ (lifting). The XY and YT representation of the Gaitwise output are shown 

on the left. Each leg is indicated by a specific color: left hind (blue), right hind (green), left front (orange) and right 

front (red). The YT representation of a left hind imprint is shown in figures A-E. (A) normal stance time and 

deducted variables; (B-D): abnormal partition between the three timeframes of the stance time; (E) Visual 

representation of the proportion of the mid-stance phase where the force reaches its maximum value for that 

imprint relative to the entire mid-stance phase (maximum pressure: level 7, red; minimum pressure: level 0, blue).  

 

Double and triple support 

 

As can be seen in Figure 7.2, one full gait cycle of a walking cow can be divided into eight 

different phases, which alternate between double support (DS, two feet on the ground) and 

triple support (TS, three feet on the ground) phases (Hildebrand, 1989; Abourachid, 2003; 

Flower et al., 2005). In each of the eight phases, a different combination of feet is on the 

ground supporting the full body weight (Figure 7.2). When a cow is lame and tries to avoid 

placing weight on the sore leg, some combinations may be more favorable for weight bearing 

and hence these phases could become longer. Simultaneously, lame cows tend to walk slower 

and hence, absolute values of all double and triple support phases might become longer in 

general.  
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Figure 7.2. (A) Schematic representation of the normal walking pattern consisting of a full gait cycle divided into 

eight phases in chronological order (adjusted from Hildebrand (1989) and McGhee (1968)). Weight supporting 

legs (i.e. ground contact) are indicated in black per phase. (B) Schematic representation of hypothetical 

alterations in double (white fields) and triple support phase duration (grey fields) for a non-lame and lame cow. 

Black bars indicate the ground contact duration of each leg. 

 

7.2.2 EXPERIMENTAL SET-UP 

 

The Gaitwise, a custom-built pressure mat for cow gait analysis was used in this research. 

More details on this system can be found in Chapter 2. The raw sensor data acquired by the 

Gaitwise system contains information about the 2D position of hoof imprints on the floor with 

a resolution of 1.27 x 1.27 cm, and the pressure exerted by the hoof in eight relative levels 

sampled at 60 Hz. Gaitwise measurements were performed right after milking to avoid 

influence of the filling of the udder on the gait pattern. Simultaneous video recordings were 

made to perform locomotion scoring. Cow gait was scored visually on a scale from 1 to 3 by a 

trained expert based on the following lameness indicators: arched back, head bobs, 

tenderness of placement of the hoofs, low speed, non-flexible joint movement, tracking up, 

irregular footfall in time or place and abduction. The lameness score was non lame (LS 1) when 

none of the lameness indicators were present, mildly lame (LS 2) if one indicator was present 

and severely lame (LS 3) when several indicators were present or a single indicator showed a 

clear impediment in locomotion. 
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The initial dataset used in this chapter was part of the one used in Chapter 6 and almost the 

same as in the study of Van Nuffel et al. (2015a). As the goal was to compare gait variables 

between different lameness statuses, the time series of gait scores of each cow was checked 

for consistency to verify that the assigned gait score matched with the cow’s true lameness 

status. Non-lame cows were selected based on the absence of locomotion scores higher than 

LS 1 during a long period of time (several months). Similarly, the selection of mildly lame and 

severely lame cows was based on consistency of locomotion scores during the data gathering 

period. Some cows were removed from the dataset, because their gait scores were not 

consistent enough over time (e.g. the gait scores alternated a lot between non-lame and 

mildly lame or between mildly lame and severely lame). Measurements that occasionally 

deviated from the true lameness status were not retained in the analysis, such that all retained 

measurements for a specific cow were assigned the same gait score. All lame cows selected 

were lame on the left hind leg to facilitate data interpretation, as some gait variables could 

deviate from the normal value in either direction depending on which leg is lame. No scoring 

of hoof lesions and body weight measurements was performed during the study. As such, gait 

data of 30 Holstein cows with parities varying from 1 to 8 lactations and a lactation stage 

between 0 and 365 days in milk at the time of monitoring were retained. Only successful 

Gaitwise measurements were retained for analysis. A measurement was successful if cows 

showed a normal walking pattern, meaning that the cow did not stand still, slip or run during 

the measurement and the video used for gait scoring was recorded well.  After removing failed 

measurements, 153, 58 and 93 records of respectively 12 non-lame, 8 mildly lame and 10 

severely lame cows were retained for analysis. The median parity was 1, 3.5 and 4 for the non-

lame, mildly lame and severely lame cows, respectively. 

 

7.2.3 RATIONALE AND DEFINITION FOR NEW VARIABLES  

 

Hoof placement 

 

Three variables describing the time for hoof placement, full weight bearing and hoof lifting 

were calculated in absolute numbers (s) for each leg separately (Table 7.2). Since absolute 

stance times are often increased in lame cows (Flower et al., 2005), these variables may be 

different between non-lame, mildly lame and severely lame cows due to correlation with the 

stance time. Therefore, these variables were also assessed as a proportion of the stance time 

of the respective leg. Asymmetry variables between left and right sides and along the 

diagonals were calculated for each variable as well. In addition, as lame cows can be reluctant 

to place weight on the lame leg and hence reduce the pressure exerted on this leg, the 

proportion of the full weight-bearing phase where the maximum pressure is exerted relative 

to the total time of this phase was calculated. As lame cows could shift their weight away from 

the lame leg, the asymmetry in average imprint area between different legs might change. For 

example, a left hind lame cow might have a smaller left hind imprint area, hence decreasing 

the asymmetry values based on this leg. Therefore, an extra variable describing the asymmetry 

in average imprint area per leg was added to the list. Four combinations were used: hind area 
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compared to front area for both left and right sides, and two diagonal combinations of a hind 

and contralateral front hoof.  

 

Double and triple support 

 

Two variables describing double and triple support time were used in this study (Table 7.3). 

Each variable was calculated for four possible combinations of hooves on the ground, but also 

as an average over all combinations, resulting in a total of ten gait variables. Due to correlation 

with the walking speed of a cow, each of these variables was also calculated relative to the 

total stance time (sum of all double and triple support combinations).  
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Table 7.2. Summary of the gait variables related to the timing of hoof placement, weight bearing and hoof lifting. 

Short description (unit)  General definition  Variable name 

Time for hoof placement (landing) (s) Time from the first contact with the measurement zone and the start 

of full weight bearing on that leg  

Landing (LH, RH, LF, RF, average) 

Time for full weight bearing (s) Time from the end of the hoof placement to the start of the hoof lifting 

on that leg  

Duty (LH, RH, LF, RF, average) 

Time for hoof lifting (s) Time from the end of full weight bearing and release from the 

measurement zone  

Lifting (LH, RH, LF, RF, average) 

Relative time for hoof placement (%) Relative time from the first contact with the measurement zone and 

full weight bearing on that leg (to the stance time) 

RelativeLanding (LH, RH, LF, RF, average) 

Relative time for full weight bearing (%) Relative time from the end of the hoof placement to the start of the 

hoof lifting on that leg (to the stance time) 

RelativeDuty (LH, RH, LF, RF, average) 

Relative time for hoof lifting (%) Relative time from the end of full weight bearing and release from the 

measurement zone (to the stance time) 

RelativeLifting (LH, RH, LF, RF, average) 

Asymmetry in the time for hoof placement (/) Ratio of time of hoof placement time calculated separately for front 

legs, hind legs and diagonal legs  

Assymlanding (LH/RH, LF/RF, LH/RF, RH/LF) 

Asymmetry in the time for full weight bearing (/) Ratio of full weight bearing time between both legs calculated 

separately for front legs, hind legs and diagonal legs  

AssymDuty (LH/RH, LF/RF, LH/RF, RH/LF) 

Asymmetry in the time for hoof lifting (/) Ratio of time of hoof release between both legs calculated separately 

for front legs, hind legs and diagonal legs  

Assymlifting (LH/RH, LF/RF, LH/RF, RH/LF) 

Proportion of max force during full weight bearing 

(%) 

Time of the mid-stance phase (full weight bearing) where the force 

reaches its maximum value of that imprint relative to the total mid-

stance phase, for every leg separately  

TimeDutyMaxP (LH, RH, LF, RF) 

Asymmetry in imprint area (/)  Ratio imprint area between both legs calculated separately for front 

legs, hind legs and diagonal legs  

AssymArea (LH/RH, LF/RF, LH/RF, RH/LF) 

Diagonal: combination of a hind leg and the contralateral front leg respectively 

LH: left hind, RH: right hind, LF: left front, RF: right front 

A: Asymmetry variable 

ST: Total stance time 
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Table 7.3. Summary of the gait variables related to the double and triple support time and imprint area. 

Short description (unit)  General definition Variable name 

Double support time (s)  Fraction of the stride time where the body weight is carried by two legs (per 

combination: left, right, diagonal) 

Double (LHLF, RHRF, RHLF, LHRF) 

Fraction of the stride time where the body weight is carried by two legs (averaged over 

all combinations) 

MeanDouble 

Triple support time (s)  Fraction of the stride time where the body weight is carried by three legs (per 

combination) 

Triple (LFRFLH, LFRFRH, LHRHLF, LHRHRF) 

Fraction of the stride time where the body weight is carried by three legs (averaged over 

all combinations) 

MeanTriple 

Relative Double support 

time (%)  

Ratio of the double support time to the total stance time (ST) (per combination) RelativeDouble (LHLF, RHRF, RHLF, LHRF) 

Ratio of the mean double support time to the total stance time (ST) RelativeMeanDouble 

Relative Triple support 

time (%)  

Ratio of the triple support time to the total stance time (ST) (per combination) RelativeTriple (LFRFLH, LFRFRH, LHRHLF, LHRHRF) 

Ratio of the mean triple support time to the total stance time (ST) RelativeMeanTriple 

Diagonal: combination of a hind leg and the contralateral front leg respectively 

LH: left hind, RH: right hind, LF: left front, RF: right front, 

A: Asymmetry variable 

ST: Total stance time 
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7.2.4 STATISTICAL ANALYSIS 

 

Statistical analysis was performed using SPSS (IBM, Armonk, NY, USA). A natural logarithm 

transformation was executed to obtain normality for all variables in each lameness group. For 

each variable, a nested ANOVA was performed to compare non-lame, mildly lame and 

severely lame cows. Post-hoc multiple comparisons were performed using a Tuckey-Kramer 

test. Differences were considered to be significant at p-values <0.05. 

 

7.3 RESULTS 

 

In Table 7.4 the mean and standard deviation of all variables related to the landing, weight 

bearing and lifting phases of each locomotion class are summarized together with the p-values 

of the nested ANOVA test and the group comparisons. In general, average landing, weight 

bearing and lifting times were longer for higher lameness scores, although not always 

significantly. Time for lifting seemed to be higher for the front legs compared to the hind legs 

in non-lame cows. However, this was less clear in lame cows. This difference was indeed 

significant for non-lame and severely lame cows: the lifting time of the front legs was 

significantly larger (p < 0.001) than that of the hind legs in an nested ANOVA test.   

 

Relative landing time increased in the hind legs and left front leg when cows are lame at their 

left hind leg, but not for the right front leg. The relative weight bearing phase (duty) decreased 

with increasing locomotion score, but not in the front legs of mildly lame cows. Relative lifting 

time increased in most cases except for the front legs of mildly lame cows. In relative 

proportions, an effect that was also found in the absolute time values was noticed for the 

percentage lifting time: front legs had significantly higher values (p < 0.001) than hind legs for 

non-lame and severely lame cows in a nested ANOVA test. In Figure 7.3 the landing, weight 

bearing and lifting time relative to the total stance time of each leg are visualized.  

 

Asymmetry variables seemed to increase for landing and lifting times in general, but this was 

only significant in a few group comparisons. The proportion of the time of maximum pressure 

during weight bearing (TimeDutyMaxP) was not significantly different except for one group 

comparison. No clear evolutions could be detected in the asymmetry in mean imprint area.  
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Table 7.4. Results of the landing, weight bearing and lifting related time (s) variables. The number of measurements (n) and the number of cows are given for each lameness 

status. Mean and standard error (SE) on the mean are given per lameness status for each variable. Resulting p-values of the nested ANOVA analysis over all groups and per 

comparison of two groups are given. Statistical non significance is indicated (NS).  

 
Non-lame (LS 1) Mildly lame (LS 2) Severely lame (LS 3)    

n No. cows n No. cows N No. cows Adjusted p-value 

 153 12 58 8 93 10    

Variable Mean SE Mean SE Mean SE 1<>2 1<>3 2<>3 

Landing_LH 0.130 0.013 0.160 0.017 0.189 0.016 NS 0.014 NS 

Landing_RH 0.124 0.015 0.156 0.019 0.180 0.017 0.359 0.0331 NS 

Landing_LF 0.117 0.010 0.141 0.014 0.185 0.012 NS <0.0001 0.0409 

Landing_RF 0.125 0.012 0.132 0.016 0.185 0.014 NS 0.0041 0.0337 

Duty_LH 0.671 0.019 0.687 0.025 0.712 0.023 NS NS NS 

Duty_RH 0.679 0.020 0.698 0.027 0.790 0.024 NS 0.0013 0.0264 

Duty_LF 0.646 0.028 0.701 0.027 0.690 0.025 NS NS NS 

Duty_RF 0.637 0.021 0.736 0.028 0.740 0.025 0.0152 0.0058 NS 

Lifting_LH 0.137 0.008 0.167 0.011 0.184 0.010 NS 0.0007 NS 

Lifting_RH 0.136 0.011 0.183 0.014 0.194 0.013 0.0251 0.0022 NS 

Lifting_LF 0.193 0.013 0.177 0.016 0.229 0.015 NS NS 0.0481 

Lifting_RF 0.193 0.013 0.171 0.016 0.212 0.015 NS NS NS 

RelativeLanding_LH 13.515 1.137 15.413 1.463 17.058 1.329 NS NS NS 

RelativeLanding_RH 12.742 1.102 14.871 1.421 15.137 1.291 NS NS NS 

RelativeLanding_LF 11.979 0.835 13.479 1.142 16.571 1.022 NS 0.0017 NS 

RelativeLanding_RF 12.837 1.020 12.513 1.345 15.891 1.218 NS NS NS 

RelativeDuty_LH 70.472 1.409 66.722 1.872 64.723 1.700 NS 0.0286 NS 

RelativeDuty_RH 71.335 1.597 66.221 2.038 67.361 1.850 NS NS NS 

RelativeDuty_LF 66.516 1.432 67.688 1.885 61.703 1.707 NS NS NS 

RelativeDuty_RF 65.633 1.538 69.624 1.987 64.399 1.804 NS NS NS 

RelativeLifting_LH 14.229 0.570 16.219 0.767 16.526 0.691 NS 0.0292 NS 

RelativeLifting_RH 14.157 0.830 17.324 1.058 16.044 0.960 NS NS NS 

RelativeLifting_LF 19.774 1.024 16.990 1.317 20.260 1.196 NS NS NS 

RelativeLifting_RF 19.800 0.966 16.180 1.228 18.050 1.115 NS NS NS 

 



CHAPTER 7: Deriving new gait variables useful for lameness detection  132 

Table 7.4. (Continued). Results of the landing, weight bearing and lifting related time (s) variables. The number of measurements (n) and the number of cows are given for 

each lameness status. Mean and standard error (SE) on the mean are given per lameness status for each variable. Resulting p-values of the nested ANOVA analysis over all 

groups and per comparison of two groups are given. Statistical non significance is indicated (NS).  

 Non-lame (LS 1) Mildly lame (LS 2) Severely lame (LS 3)    

 n No. cows n No. cows N No. cows Adjusted p-value 

 153 12 58 8 93 10    

Variable Mean SE Mean SE Mean SE 1<>2 1<>3 2<>3 

AssymLanding_LH/RH 1.408 0.053 1.490 0.083 1.527 0.068 NS NS NS 

AssymLanding_LF/RF 1.392 0.042 1.346 0.062 1.361 0.053 NS NS NS 

AssymLanding_LH/RF 1.442 0.084 1.579 0.117 1.529 0.104 NS NS NS 

AssymLanding_RH/LF 1.481 0.067 1.611 0.097 1.465 0.085 NS NS NS 

AssymDuty_LH/RH 1.106 0.012 1.093 0.018 1.139 0.016 NS NS NS 

AssymDuty_LF/RF 1.077 0.011 1.096 0.016 1.136 0.014 NS 0.0041 NS 

AssymDuty_LH/RF 1.125 0.012 1.103 0.019 1.111 0.016 NS NS NS 

AssymDuty_RH/LF 1.123 0.025 1.108 0.034 1.225 0.031 NS 0.0279 0.0290 

AssymLifting_LH/RH 1.152 0.029 1.186 0.041 1.267 0.036 NS 0.0332 NS 

AssymLifting_LF/RF 1.180 0.021 1.275 0.031 1.233 0.026 0.03 NS NS 

AssymLifting_LH/RF 1.301 0.037 1.273 0.048 1.222 0.043 NS NS NS 

AssymLifting_RH/LF 1.287 0.039 1.320 0.051 1.271 0.046 NS NS NS 

TimeDutyMaxP_LH 1.127 0.057 1.319 0.076 1.177 0.069 NS NS NS 

TimeDutyMaxP_RH 1.230 0.060 1.479 0.079 1.321 0.072 0.0348 NS NS 

TimeDutyMaxP_LF 1.138 0.054 1.154 0.072 1.309 0.065 NS NS NS 

TimeDutyMaxP_RF 1.275 0.055 1.277 0.073 1.378 0.066 NS NS NS 

AssymArea_LH/RH 1.112 0.020 1.090 0.027 1.162 0.025 NS NS NS 

AssymArea_LF/RF 1.111 0.012 1.126 0.018 1.194 0.016 NS 0.0001 0.0145 

AssymArea_LH/RF 1.176 0.025 1.217 0.033 1.227 0.030 NS NS NS 

AssymArea_RH/LF 1.135 0.028 1.120 0.036 1.224 0.033 NS NS NS 
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Figure 7.3. Graphical representation of the differences in relative time values for hoof placement (landing), full 

weight bearing (duty) and hoof lifting. Statistically significant differences were demonstrated per hoof between 

non-lame (LS 1), mildly lame (LS 2) and severely lame (LS 3) cows for each of the three stance phases. Groups with 

the same letter within the same hoof were not significantly different. 

 

In Table 7.5 the results of the analysis of the eight phases of a gait cycle are shown. Absolute 

double support times decreased with increasing lameness score, except for the combination 

right hind-right front. The absolute triple support time increased significantly for all 

combinations between non-lame and mildly lame cows, and significantly between non-lame 

and mildly lame cows for the combinations with two hind feet on the ground. The mean 

double support time significantly decreased between non-lame and severely lame cows, 

whereas the mean triple support time increased significantly with increasing locomotion 

score, but not between mildly lame and severely lame cows.  

 

Similar results were found for double support times relative to the total stance time. The 

percentage double support within one gait cycle decreased with higher lameness degree for 

all four combinations. A difference was found between the diagonal double support 

combinations and the combinations of two legs on the same side of the cow, as the latter 

appeared to be longer for non-lame cows. This difference seemed to become even larger for 

the mildly lame and severely lame cows (Figure 7.4). Triple support combinations revealed an 

opposite trend of double support values: almost all values increased with increasing degree 

of lameness, but not always significantly. In Figure 7.4, the difference in the relative length of 

each phase between cows with different lameness statuses is clearly visible. A nested ANOVA 

test (p < 0.001) revealed that double support combinations on the same side of the body (LHLF 

and RHRF) were preferred more than diagonal combinations (LHRF and RHLF) for all three 

locomotion classes. Similar combinations did not differ significantly from each other (p > 
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0.950) for both the diagonal and the same-side combinations. Similarly, triple support 

combinations with two front legs on the ground were preferred more in non-lame cows (p 

<0.001) than combinations with two hind legs on the ground. 

 

A difference was found between triple support combinations including both front feet and 

combinations including both hind feet: combinations with two hind feet seemed to have 

slightly lower values in both absolute values and when expressed relative to the stance time 

(Figure 7.4). A similar result was found in the double support combinations. Relative mean 

double and triple support values were significantly different between non-lame and mildly 

lame and between non-lame and severely lame cows. 
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Table 7.5. Results of the nested ANOVA analysis of the support related variables. The number of measurements (n) and the number of cows are given for each lameness status. 

Mean and standard error of the mean are given per lameness status for each variable. P-values are given for the overall comparison of three groups and for two-by-two 

comparisons of lameness groups.  

 Non-lame (LS 1) Mildly lame (LS 2) Severely lame (LS 3)    

 n No. cows n No. cows N No. cows Adjusted p-value 

 153 12 58 8 93 10    

Variable Mean SE Mean SE Mean SE 1<>2 1<>3 2<>3 

Double_LHLF 0.160 0.007 0.156 0.009 0.138 0.008 NS NS NS 

Double_RHRF 0.159 0.007 0.170 0.009 0.176 0.008 NS NS NS 

Double_RHLF 0.137 0.008 0.091 0.010 0.083 0.009 0.0011 <0.0001 NS 

Double_LHRF 0.139 0.009 0.086 0.012 0.073 0.011 0.001 <0.0001 NS 

MeanDouble 0.130 0.013 0.160 0.017 0.189 0.016 NS 0.014 NS 

Triple_LFRFLH 0.222 0.012 0.259 0.015 0.298 0.014 NS <0.0001 NS 

Triple_LFRFRH 0.228 0.012 0.260 0.016 0.302 0.014 NS 0.0002 NS 

Triple_LHRHLF 0.199 0.009 0.238 0.012 0.253 0.011 0.0246 0.0005 NS 

Triple_LHRHRF 0.198 0.009 0.247 0.012 0.281 0.011 0.0028 <0.0001 NS 

MeanTriple 0.848 0.036 1.012 0.047 1.142 0.043 0.0175 <0.0001 NS 

RelativeDouble_LHLF 11.190 0.509 10.358 0.667 8.815 0.605 NS 0.0081 NS 

RelativeDouble _RHRF 11.115 0.512 11.351 0.680 11.128 0.614 NS NS NS 

RelativeDouble _RHLF 9.601 0.498 5.983 0.679 5.213 0.609 <0.0001 <0.0001 NS 

RelativeDouble _LHRF 9.739 0.582 5.633 0.793 4.519 0.711 0.0001 <0.0001 NS 

RelativeMeanDouble 41.645 1.209 33.105 1.629 29.638 1.466 0.0001 <0.0001 NS 

RelativeTriple _LFRFLH 15.285 0.439 17.121 0.583 18.234 0.527 0.0332 <0.0001 NS 

RelativeTriple_LFRFRH 15.613 0.477 17.200 0.643 18.619 0.579 NS 0.0002 NS 

RelativeTriple _LHRHLF 13.709 0.383 15.702 0.524 15.674 0.469 0.0066 0.0037 NS 

RelativeTriple_LHRHRF 13.648 0.399 16.320 0.568 17.366 0.499 0.0004 <0.0001 NS 

RelativeMeanTriple 58.355 1.209 66.895 1.629 70.362 1.466 0.0001 <0.0001 NS 
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Figure 7.4. Schematic representation of the difference in relative time for each of the eight gait cycle phases. 

Statistically significant differences were shown for similar gait phases between non-lame, mildly lame and 

severely lame cows. Groups with the same letter for the same phase were not significantly different. The 

percentage time each combination takes is indicated as well. 

 

7.4 DISCUSSION 

 

The results described in this study revealed that many of the new variables showed significant 

differences between non-lame, mildly lame and severely lame cows. Differences in parity, 

lactation stage and gestation stage between cows may possibly affect variation in the 

presented variables. However, since all three groups of non-lame, mildly lame and severely 

lame cows included cows with varying parities, lactation stages and gestation stages, variation 

in these variables was assumed normal. The low number of cows in our study did not allow 

comparison of cows with comparable backgrounds between the three lameness statuses. The 

landing, weight bearing and lifting phases all revealed a difference for the four legs between 

non-lame and severely lame cows. Landing and lifting times increased with an increasing 

lameness degree. This suggests that lame cows place their feet on the ground more carefully, 

and also lift them slower. The landing, weight bearing and lifting times monitored using a 

pressure mat were hence found to be good measures for tenderness in walking cows. 

 

The increasing time for weight bearing suggests an increased total stance time, which has 

indeed been confirmed in lame cows (Van Nuffel et al., 2009; Maertens et al., 2011). This 

finding indicates the importance of comparing the three phases relative to the total stance 

time as well. In relative proportions, landing and lifting time still increased, while the weight 

bearing phase became smaller for the hind legs, but increased for the front legs. As stated by 

Scott (1989), decelerative forces can cause pain in a lame leg. This clarifies why the hoof is 

placed more carefully on the ground and hence its landing time is increased. Scott (1989) 

hypothesized that this force could be further decreased when the accelerative force of the 

previous step of the contralateral limb is also reduced. This would explain why also the lifting 

time of the contralateral leg increased: the foot is lifted more carefully as well. Therefore, 

Scott (1989) suggested that such changes in acceleration could also occur in non-lame limbs 
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as a way of reducing pain. This could explain the observed increases in landing and lifting times 

for both hind limbs, and not only on the lame side. This finding suggests that lame cows are 

indeed more careful with the hind legs (cfr. Figure 7.1 C), and try to increase the weight 

bearing of the front legs to compensate (cfr. Figure 7.1 B). This seems contradictory to the 

results reported by Neveux et al. (2006), who found that cows did not shift weight from the 

hind legs to the front legs when the hind legs were on uncomfortable surfaces. However, in 

their study cows were standing still instead of walking. Also, their cows were not lame, 

meaning they would only incur discomfort but no pain during the experiments, in contrast 

with lame cows. In visual locomotion scoring systems, head bobs that indicate weight shifts 

during walking in lame cows serve as an important lameness indicator (Nordlund et al., 2004; 

Van Nuffel et al., 2015c). This suggests that weight shifts from the hind legs to the front legs 

do happen. The results reported by Pastell et al. (2006a; 2008b) suggest that indeed body 

weight is shifted from the hind legs to the front legs during milking of a hind lame cow, which 

may also be the case during walking. Our results are also in line with Flower et al (2005), who 

suggested that lame cows distribute the weight as much as possible over the non-lame legs. 

We also observed that lifting times were relatively longer on the front legs compared to the 

hind legs in non-lame and severely lame cows, but not significantly in mildly lame cows. This 

might be attributed to higher weight bearing on the front legs. However, no reason was found 

why this would not be significant in mildly lame cows. 

 

Surprisingly, the proportion of time of maximum pressure exerted increased in lame cows. 

This might be explained by a lower maximum pressure of the lame leg, as indicated by Pastell 

et al. (2008b). A lower maximum force could mean that a larger percentage of the weight 

bearing time is spent on this lower maximum pressure, as can be seen in the figures of Pastell 

et al. (2008b). In their study, the force peak of the lame leg seemed to be more flattened on 

the top. This implies that the lower maximum force is applied for a longer time compared to 

the non-lame hind leg. An opposite effect was found in the front legs of a mildly lame cow, 

suggesting a higher maximum pressure and possibly a smaller peak compared to a non-lame 

cow.  

 

The double and triple support times seemed informative to discriminate between cows with 

different lameness scores. On average, triple and double support times respectively increased 

and decreased with increasing lameness degree. From Figure 7.4 can be seen that all triple 

support phases became longer with higher lameness status, and all double support phases 

became shorter. In the study of Flower et al. (2005), cows with sole ulcers had longer triple 

support phases compared to non-lame cows as well. In contrast to our results, however, they 

found that triple support phases were clearly shorter than double support phases. Possibly 

this was caused by differences in walking speed, as less time is spent in triple support when 

cows walk faster (Flower et al., 2006). 

 

Lame cows preferred double support combinations of legs on the same side of the body over 

diagonal double support combinations, as can be seen in Figure 7.4. According to Pastell et al. 

(2008b), the contralateral front leg might bear more weight when the cow is lame on a hind 
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leg. This could explain our results: front legs bore more weight and were hence longer on the 

floor to balance the weight. Similarly, the preference for triple support combinations with two 

front legs could be explained. However, we did not find any clear effects that could be linked 

to the fact that all lame cows were lame on the left hind leg.  

 

Asymmetry in contact area seemed not really different between cows with different lameness 

statuses. From the results in Table 7.4 can be concluded that the diagonal RF/RF asymmetry 

value seems to be influenced the most by the lame left hind leg. Lame cows may try to relieve 

pressure on the affected claw in order to reduce pain, and hence change their gait by showing 

more abduction or adduction, which might change the contact area of the claw with the 

ground. However, the hypothesis that the left hind imprint would be smaller in lame cows due 

to reluctance to bear weight on the hind leg, or on one of the claws of the respective hoof, 

could not be verified. 

 

Most of the new gait variables described in this study had different average values for each 

lameness status. However, these values were mostly not significantly different between all 

three lameness statuses at the same time. Only the average double and triple support 

variables were significantly different between all groups. These results indicate that several 

variables should be observed together in order to discriminate between non-lame, mildly lame 

and severely lame cows. However, as the median parity was different between the three 

lameness groups, some effects of cow age and possibly milk production could have influenced 

the presented results (cfr. Van Nuffel et al. (2015b)). As such, the observations above should 

be verified on a larger number of cows and lameness groups with more equal median parities. 

 

7.5 CONCLUSION 

 

The goal of this study was to define gait variables derived from a custom-built pressure mat 

for gait analysis, known as the Gaitwise system, that represent the visual lameness indicator 

‘tenderness of hoof placement’. The results revealed that most of the variables were indeed 

able to discriminate between non-lame, mildly lame and severely lame cows, but mostly not 

between all locomotion classes for each variable. By assessing each variable per leg or 

combination of legs, it became more clear how the cow adapts its gait after becoming lame. 

Cows increased the proportion of landing and lifting time within a stance time when being 

lame on a hind leg and hence placed their feet on the ground more carefully. The fraction of 

the total stance time used for each triple support combination increased, while double 

support combinations were reduced. Pressure and weight bearing related variables revealed 

that lame cows try to shift weight to the front legs when they are lame on a hind leg. 

Asymmetry variables derived from the newly defined variables showed some differences 

between groups, but were mostly not significantly different between mildly lame and severely 

lame cows. In conclusion, the new gait variables proposed in this study reflect tenderness of 

hoof placement and can be useful to discriminate between non-lame, mildly lame and 

severely lame cows. Therefore, they could have added value when used in an automated 

lameness detection system.  
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8.1 INTRODUCTION 

 

From Chapter 3 we learned that high detection performances are needed to assure sufficient 

economic return for justifying the investment for the farmer. In addition, the survey discussed 

in Chapter 4 indicated that farmers prefer systems with a high detection performance, 

implying few false alarms and a low number of undetected lame cows. From Chapter 5, we 

learned that the adoption of automatic detection systems will likely increase if the detection 

performance is improved. For this purpose, new gait variables useful for lameness detection 

were derived in Chapter 7. As the automatic detection system prototypes reported in Chapter 

2 do not yet seem to provide sufficient economic value and usefulness to the farmer, further 

performance improvements are necessary to make their use in practice viable (Rutten et al., 

2013; Van Nuffel et al., 2015d; Dominiak and Kristensen, 2017).  

 

Lameness detection algorithms are vulnerable for gait changes that are not caused by 

lameness, because such changes could be incorrectly assigned to lameness, implying more 

false alarms and a lowered detection performance. Several factors related to the cow and its 

environment affect normal cow gait. Examples are flooring characteristics like wetness, 

cleanliness, roughness and hardness (Phillips and Morris, 2000; Telezhenko and Bergsten, 

2005; Rushen and de Passille, 2006), but also lighting conditions (Phillips et al., 2000; Van 

Nuffel et al., 2015b) and cow-related factors like lactation stage, gestation stage, parity, udder 

conformation, and udder filling (Van Dorp et al., 2004; Flower et al., 2006; Chapinal et al., 

2009). Van Nuffel et al. (2015b) found that the number of false alerts for mildly lame cows 

could be decreased when accounting for these factors in the detection algorithm. Normal gait 

changes not caused by lameness should hence be accounted for in the detection model, or 

their effect on cow gait should be minimized if possible (e.g. by keeping floors clean) to 

enhance the detection accuracy. 

 

Lameness affects milk production and feeding behavior (Green et al., 2002; Gonzalez et al., 

2008; Norring et al., 2014). Hence, milk yield, milking parameters and feeding times have been 

suggested as potentially useful lameness indicators. Such data may be readily available on the 

farm, and have already been used to develop detection algorithms. However, the obtained 

detection performances were still not sufficient for use in practice (Kramer et al., 2009; de 

Mol et al., 2013; Miekley et al., 2013). Therefore, it is hypothesized that combination of gait 

affecting factors and cow-related lameness indicators with other sensor data could provide 

better lameness detection algorithms.  

 

Most existing detection models perform detection at group level, and hence do not account 

for the uniqueness of an individual cow’s walking pattern (Viazzi et al., 2013). As each cow has 

her own way of walking due to differences in body conformation, age, and milk production, 

individual monitoring approaches may detect gait changes caused by lameness more 

accurately. Individual monitoring requires time series of systematic sensor measurements 

with regular time intervals (e.g. daily or weekly measurements), implying that sensor 

measurements and cow identification should ideally be fully automated. 
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The goal of this study was, therefore, to automatically gather individual time series of cow gait 

data derived with the Gaitwise sensor, and to develop a lameness detection algorithm with a 

higher detection performance compared to the previous algorithms. For this purpose, 

measured gait data was combined with available farm data in both a group-based detection 

model and an individual lameness monitoring approach. 

 

Individual monitoring could be done using statistical process control charts, which are used in 

many industrial applications. They could be useful to detect abnormal variations in observed 

data, which could be alerted to the farmer if necessary (De Ketelaere et al., 2011; Mertens et 

al., 2011). Control charts monitor changes in individual gait patterns, and hence take the 

history of the cow into account. Since lameness often develops gradually, such approach may 

be interesting to detect lameness early after onset, but time series of regularly measured gait 

variables are needed. Before statistical process control (SPC) is applied, often an engineering 

process control (EPC) step is required to obtain stationarity in data derived from biological 

processes. The combination of both steps is known as synergistic control (SGC) (Mertens et 

al., 2011). To initialize a control chart, a reference period is necessary to gather data used to 

model the normal variation before abnormal changes can be detected (Mertens, 2009; 

Huybrechts et al., 2014). Group based lameness detection models seem hence still required 

to detect lameness during this initialization period. 

 

As high performance is needed even when performance indicators are expressed on a 

lameness case basis (cfr. Chapter 3 to 5), performance requirements are even higher for short 

updating intervals as used for the daily attention list that is provided to the farmer. As such, 

specificity for daily alerts should presumably be higher than 99 % (maximum 1 false positive 

alarm per day in a herd of 100 cows), but may even require a minimum of 99.9 % (maximum 

1 false positive alarm per 10 days in a herd of 100 cows) or higher, implying a high specificity 

on case basis (cfr. 99 % specificity used on case basis for clinical mastitis (Hogeveen et al., 

2010)). Such high specificity may be obtained by individual cow monitoring and time-based 

evaluation of detection algorithm outcomes to reduce the number of false alarms. Sensitivity 

requirements are less clear, but should still be high enough to generate sufficient usefulness 

and economic value for the farmer (cfr. Chapter 3 to 5). Farmers may perceive lameness less 

urgent to detect compared to other health problems (Van Hertem et al., 2013b; Dominiak and 

Kristensen, 2017), and currently detect only 25 % of the clinical lame cows using visual 

detection (Whay et al., 2003). Therefore, the minimum sensitivity of 80 % as used for mastitis 

detection (Hogeveen et al., 2010) may be a realistic target for lameness detection on case 

basis as well, as a sensitivity of 80 % would be a significant improvement compared to the 

current detection rate.  
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8.2 MATERIALS AND METHODS 

 

8.2.1 MEASUREMENT SETUP AND DATA GATHERING  

 

The walkover system used in this study is the Gaitwise system developed by Maertens et al. 

(2011). The pressure sensitive mat is composed of eight pads consisting of 48 x 48 sensors 

with a dimension of 1.27 x 1.27 cm each, forming a total sensory surface of 61 x 488 cm. 

Measurements are performed at 60 Hz, and vertical relative pressure components are 

measured and expressed in eight levels relative to the maximum measurable value.  

 

The sensor used by Maertens et al. (2011) was replaced by a version that is more robust 

against cold temperatures. This new sensor was assembled on site, allowing replacement of a 

broken sensor pad. A special rubber delivered by the manufacturer (CIR Systems, Inc., 

Franklin, NJ, USA) replaced the vinyl topping to ensure correct sensor imprinting, and was 

placed both underneath and on top of the assembled sensor surface. Similar to the previous 

Gaitwise design, the sensor was wrapped in a watertight envelope of EPDM rubber (Maertens 

et al., 2011) (Figure 8.1), and carried by a structure formed by two steel I-beams with steel 

gratings in between, topped with a thin layer of insulation and stainless steel plates. A 

commercially available hammered top rubber was used to protect the sensor and to provide 

a solid walking surface for the cows. Aluminum diamond plates were folded as a clamp to hold 

everything in place and to protect the sensor’s electronics. The assembled construction had a 

height of 19 cm relative to the ground surface. 

 

 

Figure 8.1. Detailed scheme of the sensor setup. From bottom to top: Galvanized steel I-beam profiles on the 

sides (IPE 120, 6 m, black), galvanized steel ratings (6 x 1 m², grey), Quickstep unisound insulation (2 mm, light 

blue), stainless steel sheets (3 x 2 m² x 1 mm, brown), waterproof sealed EPDM rubber (green), Gaitrite rubber 

(orange), sensor pads (dark blue), top rubber with hammering (red), aluminum diamond plate (5 mm, black) used 

as a clamp to hold everything in place and protect the electronics (thick part of sensor pad, dark blue). 

 

The new lameness monitoring setup was built outside the barn on a u-shaped concrete path 

connecting the two transversal alleys (Figure 8.2). One alley gathered all cow traffic coming 

from the milking robots and the milking parlor, leading the cows outside to the measurement 
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zone. Two mobile bridges allowed cows to cross the feeding corridor without soiling it. At the 

entrance of the setup, a selection gate regulated cow traffic. After a cow entered the setup, 

the selection gate remained closed for 70 seconds to prevent other cows from entering the 

setup and hence disturbing the individual measurements. The Gaitwise sensor was placed on 

the longest straight part of the concrete path. A platform leveled the surface behind and in 

front of the Gaitwise sensor to move the step of 19 cm further away from the sensor surface. 

The platform was covered with the same hammered top rubber used on the Gaitwise sensor 

(Figure 8.3). This way, the sensor surface was part of a leveled floor with a length of 18 m, 

which should prevent any gait changes due to height differences in the walking surface.  

 

A roof prevented rainfall on the sensor setup to avoid that the walking surface became wet, 

which could lead to gait changes. However, on very rainy days, the manure on the setup 

remained moist. The setup was therefore covered with sawdust to ensure that cows had 

sufficient grip on the walking surface. For this reason, the setup was cleaned at least once a 

week. Additional lighting actuated by a digital clock ensured sufficient illumination for cows 

to walk confidently during dark winter evenings. Cows were only guided over the setup during 

daytime (± 8:00 – 19:00) to ensure that an animal caretaker was present to intervene if 

something went wrong (e.g. cows making a U-turn on the setup). Cameras were installed to 

film cows from the sides to allow visual gait scoring by an expert.  

 

 

 

Figure 8.2. Schematic overview of the location of the walkover system. Black arrows indicate cows’ walking 

direction. Cameras are indicated in blue. 
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Figure 8.3. Pictures of the setup and a cow walking over the Gaitwise sensor 

 

An experiment board (P8055, Velleman, Gavere, Belgium), connected to the computer 

through USB, was used to communicate with the selection gate. As the gate closed, a relay 

was switched, and a high signal was received by the experiment board. A custom written 

software script (AutoIt, SciTE-Lite, version 3.5.4, open source software) continuously read the 

output of the experiment board and initiated the start of the measurement using the Gaitrite 

software (CIR Systems Inc., Franklin, NJ, USA) when the gate was closed (Figure 8.4). At the 

same time, video recording was initiated using the Ispy software (version v6.5.8.0, open 

source software). Gait and video data were collected for 60 seconds. An RFID antenna (Panel 

Reader VP 1850, Nedap, Groenlo, The Netherlands) placed at the Gaitwise system recorded 

the electronic cow ID when the cow walked over the sensor. The antenna was connected to 

the computer through USB, and was read out continuously by a dedicated software (Tera 

Term, version 4.89, open source software). 
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Figure 8.4. Schematic representation of the algorithm used to regulate data recording. 

 

8.2.2 DATA PROCESSING ALGORITHM 

 

One of the goals of this study was to collect and process gait data automatically to obtain data 

ready for use in a detection algorithm. The data processing algorithms developed by Maertens 

et al. (2011) were used to calculate gait variables from the recorded walking data. However, 

these algorithms did not filter out all unfinished measurements and measurements with cows 

slipping, standing still or multiple cows walking over the sensor simultaneously. 

 

Therefore, the processing algorithms were altered to allow more thorough automation and to 

provide a solution for the aforementioned issues. Unfinished measurements, i.e. 

measurements where the cow was still walking on the sensor at the time the measurement 

ended, were automatically discarded by detecting whether more than one leg was still on the 

sensor in the last recorded timeframe. The algorithm was extended to recognize multiple cows 

standing or walking on the sensor by detecting whether more than four hoof imprints were 

recorded simultaneously (i.e. in the same timeframe). Such measurements were discarded 

because the imprints of different cows could not be separated. Noise (< 20 adjacent pixels in 

XY space summed over the whole measurement time) that was not part of a hoof imprint was 

filtered out to avoid incorrect processing and hoof identification. Slipping cows were detected 

based on an excessively large hoof imprint (> 300 cm² in XY space over the whole 

measurement time), which makes the measurement unusable. Measurements of cows 
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standing instead of walking were detected based on a stance time higher than 2.5 seconds or 

by an excessively large data file and discarded. In the rare event that a hoof imprint was 

missing in between imprints, the measurement was discarded to avoid incorrect processing. 

Leg identification algorithms were adapted to solve problems with incorrectly identified 

imprints to prevent miscalculation of the gait variables or wrongly discarded measurements. 

All problem detection thresholds were defined based on careful inspection of ± 3.000 

measurements and associated video recordings to minimize the number of discarded useful 

measurements.  

 

Due to hardware issues with the new sensor, strong noise (± 10 % of the measurements) 

frequently appeared in the first sensor pad, rendering these data unusable. As the noise first 

started to appear after installation of the sensor on the setup, replacement of the broken 

sensor pad was no longer possible. Therefore, data of the first sensor pad was removed in a 

way similar to the approach used in Chapter 6 to make these measurements usable for 

analysis. This reduced the effective length of the sensor from 488 to 427 cm. 

 

8.2.3 FARM DATA 

 

Cow-related information was gathered automatically using farm equipment or recorded 

manually by the animal caretakers. The gathered data included cow age (days), parity, 

lactation stage (days in milk), gestation stage (days), and daily milk production (kg).  

 

8.2.4 REFERENCE MEASUREMENTS 

 

Lameness and gait data of 145 lactating Holstein cows were collected during one year on the 

ILVO experimental farm starting from March 14th, 2016. Cows included animals with different 

ages and parities, as well as different lactation stages. Lameness was scored visually on a scale 

from gait score (GS) 1 to 5 by a trained observer based on the presence of different lameness 

attributes, which were: low speed, irregular footfall in time or place, non- flexible joint 

movement, tender placement of the hooves, arched back, tracking up, head bobs and 

abduction. The lame leg was not identified, because this would require substantially more 

time to score each measurement, as the observer may have to look at the video recording 

multiple times to find out which leg is lame. This can be challenging, as gait alterations may 

be subtle, and more than one leg could be lame at the same time (lesions are often symmetric 

between the contralateral legs). Therefore, identifying the lame leg would reduce the total 

number of videos that could be scored in the limited time available, thus reducing the number 

of Gaitwise measurements for which a true lameness status (i.e. reference) is available. In 

addition, it may not be possible to identify the lame leg for all measurements, as cows in video 

recordings walk in a straight line. Moreover, while it would be possible during live scoring to 

make cows perform a left or right turn to better demonstrate which leg is lame, this was not 

possible here. This implies that cows included in the analysis could be lame on either a left, 

right, front or hind leg or at more than one leg at the same time. Cow gait was scored based 
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on videos recorded during the Gaitwise measurements. The obtained lameness scores were 

used as a silver standard for the development of lameness detection models. An experienced 

veterinarian treated lame cows biweekly after detection by the animal caretakers, and 

routinely at dry off to prevent lameness during early lactation. At the end of the summer, a 

whole-herd trimming was performed to get an idea of the true number of hoof lesions present 

in the herd. In total, 130 cows were monitored during the first seven months of the 

experiment. After seven months, only 91 of those cows were still present in the herd. In the 

next months, i.e. during the period where validation data were gathered, 15 new cows 

(heifers) were added to the herd.  

 

8.2.5 GROUP-BASED DETECTION ALGORITHM DEVELOPMENT 

 

A nested ANOVA analysis and post-hoc Tuckey test were performed to compare variable 

means between gait scores to allow comparison of the gathered data with previous research 

on the Gaitwise system. To facilitate interpretation, lameness scores as assigned by the 

observer were categorized in three groups: non-lame (GS 1 + GS 2), intermediate (GS 3) and 

severely lame (GS 4 + GS 5). The considered variables were the stance time of each leg, and 

the lengthwise distance (i.e. in the walking direction) from the imprint of the left hind leg to 

the consecutive imprints of all four legs. These variables were chosen based on the knowledge 

that lame cows walk slower and hence have higher stance times while taking shorter steps 

(Sprecher et al., 1997; Dyer et al., 2007; Gleeson et al., 2007; Van Nuffel, 2014). Only data 

gathered in the first seven months of the experiment was used for this analysis. 

 

A linear mixed model (LMM) with random cow intercept was used to predict gait score as 

assigned by the observer (GS 1 to GS 5) based on gait variables as predictors. Since leg-specific 

gait variables may change in opposite directions when the leg or contralateral leg is lame (e.g. 

stance times of a lame and contralateral non-lame leg), the use of such variables in a general 

detection algorithm could result in a model skewed towards best detecting cows lame on the 

leg where lameness is most prevalent in the dataset (cfr. section 6.4.3 in Chapter 6). Such 

skewed model would likely not be robust and hence not perform well when applied on other 

herds. Therefore, gait variables that change in the same direction irrespectively of the lateral 

body side on which the lameness was present, such as asymmetry variables (normal value 1 

or higher when more asymmetrical), were used during model development. For some gait 

variables, an index was calculated to combine abnormal changes in the four legs in one 

variable according to the Eqn.: 

 

 
4 2

, , , ,Index x xk j k i j k j

i

   (8.1) 

 

Where k is the observed gait variable, j is the respective measurement, i is the leg (from 1 to 

4 with i = 1 for left hind, 2 for right hind, 3 for left front and 4 for right front), x is the value of 

leg i for measurement j, and xk̅,j the mean variable value of all four legs for measurement j. For 
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other variables, the difference between left and right, the mean of all four legs, or the mean 

of two contralateral legs was calculated and used as a predictor variable. Cow-specific 

variables (cow age, parity, lactation stage and milk production) were included in the analysis. 

Environmental factors were not included, as they were eliminated or their effect was reduced 

as much as possible by the measures taken in the design and maintenance of the 

measurement setup. Predictor variables (Table 8.1) were tested individually and retained for 

use in the multivariable model when contributing significantly to the univariable model (p-

value < 0.1). Variables contributing significantly to the multivariable model were tested  in the 

final model using a backwards stepwise procedure and retained if p-value < 0.05. Pearson 

correlation coefficients were calculated among the significant variables to detect 

multicollinearity. Model estimation was performed in SAS (version 9.4, SAS Institute Inc., NC, 

USA). Data of the first seven months (130 cows) was used to train the LMM model, whereas 

the remaining data (106 cows) was used to validate the obtained model.  

 

Table 8.1. Variables tested in a LMM model to predict gait score on a scale from 1 to 5. 

Step overlap (left and right) 

Abduction (left and right) 

Asymmetry in stride length (front  (LF to LF/RF to RF) and hind (LH to LH/RH to RH)) 

Diagonal asymmetry in stride length (LH to RF/RH to LF) 

Overall triple support time relative to gait cycle time 

difference in step overlap between left and right 

difference in abduction between Left and right 

 Average landing time relative to gait cycle time hind (averaged over left and right hind) 

Average landing time relative to gait cycle time front (averaged over left and right front) 

Average weight bearing time relative to gait cycle time hind (averaged over left and right hind) 

Average weight bearing time relative to gait cycle time front (averaged over left and right front) 

Average lifting time relative to gait cycle time hind (averaged over left and right hind) 

Average lifting time relative to gait cycle time front (averaged over left and right front) 

Mean time of maximum pressure during weight bearing over hind legs 
 Mean time of maximum pressure during weight bearing over front legs 
 Index stance time 

index stride length from each leg to the same leg 

Index relative landing time (calculated from the four legs) 

Index relative weight bearing time (calculated from the four legs) 

index relative lifting time (calculated from the four legs) 

Mean stance time over the four legs 

Mean stride length from each leg to the same leg over all four legs 

Sum of the absolute abduction of left and right 

 

Model results were interpreted as follows: predicted scores below 2.5 were perceived non-

lame and should not be indicated to the farmer, predicted scores above 3 were deemed lame 

and should be indicated to the farmer. Measurements with a score between 2.5 and 3 were 

placed in an intermediate category, assuming that this category contains cows that may be 
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non-lame or mildly lame. Alerts for these mildly lame cows were seen as a ‘nice to have’ 

feature.  

 

Finally, this classification was transformed into an attention list for the farmer. Scores 

between 2.5 and 3 were deemed non-lame when the two previous measurements were 

predicted non-lame (score < 2.5), and deemed lame when the two previous measurements 

were predicted lame (score > 3). As such, coincidental higher or lower scores were smoothed. 

Hence, an optimistic rule was used to categorize the intermediate category consisting of cows 

that may be mildly lame, but would most likely not be visually detected by the farmer. This 

way, a time factor and individual approach are taken into account, although very limited.  

 

The confusion matrix of the attention list was determined as follows: cows on the attention 

list with a reference score of 3, 4 or 5 were deemed true positive, cows on the attention list 

with a reference score of 1 or 2 were deemed false positive, cows with a reference score of 1, 

2 or 3 that were not on the list were deemed true negative, and cows with a reference score 

of 4 or 5 that were not on the list were deemed false negative. True positive rate (TPR) and 

false positive rate (FPR) were calculated as: 

 

TP
TPR

TP FN



  (8.2) 

1
TN

FPR
TN FP

 


 (8.3) 

 

where TN are true negatives, TP true positives, FN false negatives and FP false positives.  

 

Data from the first seven months of the experiment were used as training data. The remaining 

data were hence only used as validation data in order to obtain a true validation. Validation 

data also included measurements from 15 cows that were not included in the training data, 

as these cows were added to the herd after the training data had already been gathered.  

 

8.2.6 INDIVIDUAL MONITORING APPROACH 

 

A Shewhart control chart for individual values was used to monitor stance time and stride 

length of the left hind leg. These variables were chosen because lame cows walk slower and 

have higher stance times while taking shorter steps (Sprecher et al., 1997; Dyer et al., 2007; 

Gleeson et al., 2007; Van Nuffel, 2014). Hence, it could be assumed that the value of these 

variables will gradually change when a cow is becoming lame. In addition, such variables may 

also allow deriving which leg is lame by logic interpretation of the value evolution. CUSUM 

charts would be more appropriate to monitor gradual gait changes, but they could not be used 

on the data gathered in this study. As various gait variables may or may not change depending 

on which leg is lame and on the cause and severity of the lameness causing lesion, multiple 

control charts of different gait variables need to be combined to detect lameness in general. 
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Alternatively, multivariable control charts could be used to monitor multiple gait variables at 

the same time.  

 

In the control chart, the average value of previous in-control values is plotted against the 

actual data points, together with an upper and lower control limit used to determine whether 

each consecutive data point is in control, and whether the displayed variation is normal or 

abnormal. Out-of-control measurements are not included in the calculation of the control 

limits, which is based on the moving range of previous in-control values. The moving range for 

data point xi is thereby calculated as: 

 

1| |i i iMR x x    (8.4) 

 

where i is the ith data point (measurement) in the time series. The mean moving range MR  

is then calculated for all moving ranges MRi up till data point m as: 
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 (8.5) 

 

The average of the individual values is calculated as the mean of all m data points, and used 

to calculate the upper (UCL) and lower (LCL) control limits based on the mean moving range 

of all previous in control data points, with d2 = 1.128 (Montgomery et al., 2011): 
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The value of data point xm+1 can then be tested against the obtained control limits. The number 

of reference values used to calculate the chart parameters to initialize the control chart was 

set to 15 data points.  

 

In case the variable mean could normally change over time (e.g. the cow taking shorter steps 

towards the end of the pregnancy due to the heavy calf), an EPC step may be necessary to 

obtain stationary data by subtracting the overall trend in the data, and subsequently use the 

residuals in a control chart. In this study, no EPC step was performed, but slowly varying means 

due to cow and production related factors were taken into account by applying a time window 

to the in-control values used for calculation of the chart parameters. This time window was 

set to 30 in-control data points, but could be changed or made dynamic in the future to fine-

tune the control chart.  
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8.3 RESULTS 

 

8.3.1 GATHERED DATA 

 

In total, 18,906 measurements were performed on 296 days during the experiment. Hence, 

during 70 days, no measurements were performed because cows were not allowed to pass 

the measurement setup. This was due to varying reasons including breakdowns of the 

measurement setup and the bridges over the feeding corridor, or due to management related 

reasons (e.g. whole-herd claw trimmings or other treatments such as shaving etc.). After 

processing the data from the walkover system and removing failed and unusable 

measurements, 5,219 usable Gaitwise measurements were retained in the analysis (3,529 

from the first seven months, 1,690 from the remaining period), implying a measurement 

success rate of 27.6 %. Hence, on average, 64 measurements were executed per day. The 

average and median number of successful measurements per cow recorded over the duration 

of the experiment (one year) were respectively 36 and 34. The distribution of measurements 

over the five gait scores in the first seven months of the experiment was: 476 measurements 

with GS 1, 2.230 with GS 2, 572 with GS 3, 216 with GS 4 and 35 with GS 5. After reconversion 

to three classes (non-lame, intermediate and severely lame), 16 % of the measurements 

involved cows belonging to the intermediate group (GS 3), while 7 % involved severely lame 

cows (GS 4 + GS 5). Out of 145 cows in the experiment, 62 were primiparous, 37 were in parity 

2, 24 in parity 3, 15 in parity 4, 6 in parity 5, and 1 in parity 6. Claw trimming results of the 

whole-herd trimming in 2016 showed that out of 109 trimmed cows, 26 % did not have any 

claw lesion, 50 % had some form of digital dermatitis, 21 % had a tyloma, 13 % had a sole 

ulcer, 22 % had laminitis, 23 % had white line disease and 12 % had interdigital dermatitis. It 

should be noted that not all recorded lesions were acute, as some may be chronic or latent 

(e.g. digital dermatitis depending on the current life cycle phase), or were treated before and 

were still curing. As such, not all cows that had some form of a lesion were lame at the time 

of whole-herd trimming. 

 

In Table 8.2, an overview of the results of the nested ANOVA analysis on the data of the first 

seven months are presented. The least squares mean and standard error on the mean for the 

stance time and distance between consecutive hoof imprints for non-lame, intermediate and 

severely lame cows are given. Mean stance time increased for each leg with increasing 

lameness score. The lengthwise distance between an imprint of the left hind leg and the 

consecutive imprints of all four legs decreased with increasing gait score. The results of the 

nested ANOVA analysis indicated that all means were significantly different between the three 

lameness statuses. 
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Table 8.2. Least square means (LSM) and standard errors (SE) for the stance time (ST, (s)) of each leg and the 

lengthwise distance (D, (m)) between an imprint of the left hind leg (LH) and the imprint of each of the four legs 

(right hind (RH), left front (LF), right front (RF)) for non-lame cows (GS 1 + GS 2), intermediate (GS 3) and severely 

lame cows (GS 4 + GS 5). Results of the nested ANOVA analysis and post-hoc Tuckey test for the measurements 

performed in the first seven months of the experiment are given.  

 

8.3.2 DETECTION MODELS 

 

Table 8.3 lists the variables included in the final multivariable LMM model with random cow 

intercept, as well as their predicted and observed coefficient sign. Data of 3,529 

measurements of 130 cows (i.e. the first seven months of the experiment) were used to build 

the model. Of all tested cow-related variables, only parity was retained in the final model. 

Included gait variables were related to the within and between stance time variables, stride 

length and step overlap. The index of the relative size of the weight bearing phase, derived 

from the new gait variables that were previously defined in Chapter 7, was retained in the 

model, indicating the usefulness of these newly defined variables for lameness detection. No 

multicollinearity was observed among the significant variables. All observed coefficient signs 

of the included variables matched with their expected signs, indicating that theoretic 

evolutions in the variable values due to lameness were reflected in the model coefficients. In 

the null model, 45 % of the variation between different gait scores was due to between-cow 

differences, whereas 55 % of the variation was due to within-cow differences. The final model 

explained 54 % of the variation between cows, and 28 % of the variation within cows.  

  

 Non-lame Intermediate Severely lame NL<>IM<>SL NL<>IM NL<>SL IM<>SL 

 LSM SE LSM SE LSM SE p-value p-value p-value p-value 

n 2,706 572 251     

ST_LH 1.007 0.008 1.093 0.010 1.165 0.012 < 0.001 < 0.001 < 0.001 < 0.001 

ST_RH 1.003 0.008 1.087 0.009 1.169 0.012 < 0.001 < 0.001 < 0.001 < 0.001 

ST_LF 1.005 0.008 1.103 0.010 1.196 0.012 < 0.001 < 0.001 < 0.001 < 0.001 

ST_RF 1.008 0.008 1.103 0.010 1.195 0.012 < 0.001 < 0.001 < 0.001 < 0.001 

D_LH to LH 1.580 0.007 1.527 0.007 1.459 0.008 < 0.001 < 0.001 < 0.001 < 0.001 

D_LH to RH 0.782 0.005 0.750 0.005 0.713 0.005 < 0.001 < 0.001 < 0.001 < 0.001 

D_LH to LF 1.598 0.006 1.564 0.006 1.523 0.006 < 0.001 < 0.001 < 0.001 < 0.001 

D_LH to RF 0.808 0.005 0.797 0.005 0.790 0.005 < 0.001 < 0.001 < 0.001   0.047 
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Table 8.3. Variables included in the final multivariable LMM model with random cow intercept. Significance of 

each variable in the model, and expected and observed coefficient signs are shown.  

Variables included in the LMM model 
Expected 

coefficient sign 

Coefficient 

estimate 
P-value 

Intercept  5.229 < 0.001 

Parity + 0.121 < 0.001 

Difference in step overlap  

between left and right side 

+ 2.254 < 0.001 

Asymmetry in the diagonal stride length  

(left hind to right front vs. right hind to left front) 

+ 2.352 < 0.001 

Index stance time  + 1.845 < 0.001 

Index relative size of the weight bearing phase during 

stance  

+ 0.688 < 0.001 

Mean stance time (calculated over the 4 legs) + 0.444 < 0.001 

Mean stride length (calculated over the 4 legs) - -2.673 < 0.001 

 

In Table 8.4, the confusion matrices and performance characteristics of the final LMM model 

are presented. Data of 130 cows were used to train the model. As not all cows were retained 

on the farm during the measurement period, validation data could only be gathered for 91 of 

those cows. During the period in which the validation data were gathered, 15 new cows (i.e. 

heifers) were added to the herd, and were hence not included in the training data. Using raw 

predicted scores, an accuracy of 61 % was obtained in the validation data of the 91 cows that 

were in both the training dataset and the validation dataset. As such, the accuracy of the 

detection model dropped by 20 % for these data. This was mainly due to measurements of 

lame and intermediate cows not being classified as lame or intermediate. No specific reason 

was found for these misclassifications. Looking at the validation data of the new cows, no lame 

and intermediate measurements were correctly classified, and only a few measurements of 

lame cows were detected as intermediate. As such, a very low accuracy rate was obtained for 

these data.  
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Table 8.4. Confusion matrices and model performance parameters for the LMM on the training and validation 

data. Prediction accuracy is indicated in bold, true positive rate (TPR) and 1-false positive rate (FPR) were 

calculated. The number of measurements in each lameness category is indicated by n. 

 

 

 

      Predicted gait score training data (130 cows) 

Training n Non-lame Intermediate Lame TPR 

True gait 

score 

GS 1 or GS 2 2,705 2,486 197 22 91.9% 
GS 3 573 218 256 99 44.7 % 

GS 4 or GS 5 251 12 59 180 55.9 % 
 1-FPR  72.1 % 91.3% 96.3 % 82.8 % 
       
   Predicted gait score training data (subset 91 cows) 
 Training n Non-lame Intermediate Lame TPR 

True gait 

score 

GS 1 or GS 2 1,863 1,690 156 17 90.7 % 
GS 3 426 164 196 66 46.0 % 

GS 4 or GS 5 201 12 50 139 52.9 % 
 1-FPR  71.9 % 90.0 % 96.4 % 81,3 % 
       
   Predicted gait score validation data (subset 91 cows) 

Validation n Non-lame Intermediate Lame TPR 

True gait 

score 

GS 1 or GS 2 850 763 57 30 89.8 % 
GS 3 490 303 139 48 28.4 % 

GS 4 or GS 5 226 96 76 54 13.6 % 
 1-FPR  44.3 % 87.6 % 94.2 % 61.0 % 
       
   Predicted gait score validation data (15 new cows) 
 Validation n Non-lame Intermediate Lame TPR 

True gait 

score 

GS 1 or GS 2 58 58 0 0 100.0 % 
GS 3 47 47 0 0 0.0 % 

GS 4 or GS 5 19 14 5 0 0.0 % 
 1-FPR  7.6 % 93.5 % 100 % 46.8 % 
        

The confusion matrices of the attention list for the farmer are presented in Table 8.5. The 

accuracy rate of the validation data of the 91 cows from the training dataset dropped by 10 % 

compared to the accuracy of the training data. Whereas the majority of measurements of 

lame cows was correctly classified in the training data, the opposite was true for the validation 

data. The accuracy obtained with the validation data of the fifteen new cows was relatively 

high. This was due to the high prior probability of measurements belonging to the non-lame 

category. The obtained sensitivity and specificity, however, were very low.  
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Table 8.5. Confusion matrices and model performance parameters for the transformed attention list of the LMM 

output on the training and validation data. Prediction accuracy is indicated in bold, true positive rate (TPR) and 

1-false positive rate (FPR) were calculated. The number of measurements in each lameness category was 

indicated by n. 

       
   Attention list training data (130 cows)  

 Training  n No attention Attention TPR  

True status Non-lame 3,165 3,138 27 99.1 %  
Lame 364 66 298 81.9 %  

 1-FPR  97.9 % 91.7 % 97,4 %  
       
   Attention list training data (subset 91 cows)  
 Training n No attention Attention TPR  

True status Non-lame 2,174 2,153 21 99.0 %  
Lame 271 57 214 79,0 %  

 1-FPR  97.4 % 91.1 % 96.8 %  
       
   Attention list validation data (subset 91 cows) 
 Validation n No attention Attention TPR  

True status Non-lame 1,273 1,239 34 97.3 %  
Lame 279 169 110 39.4 %  

 1-FPR  88.0 % 76.4 % 86.9 %  
 

 

 

      
   Attention list validation data (15 new cows)  

 Validation n No attention Attention TPR  

True status Non-lame 93 

 

93 0 100.0 %  
Lame 19 19 0 0.0 %  

 1-FPR  83.0 % 0.0 % 83.0 %  
       

 

When comparing the detection results for the first seven months with the attention lists from 

the animal caretakers, which were used as an incentive for curative trimming, it appeared that 

in 76 % of the cows, the detection result of the expert, the animal caretaker and the LMM 

model matched completely. For 23 % of the cows, all agreed that the cow was lame (both mild 

or severe lameness), whereas for 53 % of the cows, all agreed that the cow was not lame. 

When looking at only those cases where lameness was detected by at least one of the three 

(expert, caretaker or LMM model), the expert, animal caretaker and LMM detected the cow 

as lame in 49 % of the cases where lameness was detected by one of the three. In 16 % of the 

cases, the animal caretaker did not detect the lameness, but the expert and LMM model did. 

In 15 % of the cases, the expert and caretaker agreed on lameness, but the LMM model did 

not detect it. In almost 2 %, only the expert detected the lameness. In 19 % of the cases, the 

cow was trimmed upon recommendation by the caretaker, but the expert did either not 

detect the case, or detected it as gait score 3 (intermediate), whereas the LMM model did not 

detect it. In several of those cases, only a few measurements were available to perform gait 

scoring around the time of trimming, which may have influenced expert scorings. In one case, 

no sign of lameness or a lesion was found during claw trimming, implying that the cow 

presumably was not lame. 
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The individual lameness monitoring results for two cows that remained non-lame are shown 

in Figure 8.5. Data points are represented in green, and connected with a green line when two 

measurements were consecutive. In case measurements were missing in-between two 

consecutive data points, a red line connected both data points. Control limits (blue lines) 

varied along with the average value (black line). Gait scores were represented as blue dots, 

and all fell in the non-lame category (GS 1 + GS 2). For both cows, there were many periods 

during which no daily measurements were available, hence many data points were missing. It 

can also be seen that no lameness alerts should be given, as all data points lay within the 

control limits for both stance time and stride length. The control limits became narrower 

around the average value as a result of smaller variation in consecutive data points. Cow 439 

was trimmed once, because she was dried-off.  

 

 

Figure 8.5. Examples of individual lameness monitoring for two non-lame cows based on Shewhart control charts 

on the stance time of the left hind leg (LH) and the stride length between two consecutive imprints of the left hind 

leg. Gait scores assigned by the expert are shown as well.  
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The control charts of two cows that became lame during the experiment are shown in Figure 

8.6. In both variable time series for cow 240, an out-of-control measurement was found 80 

days after the start of data recording. As the gait score was non-lame at the time, the alarm 

generated by this out-of-control data point would be considered a false alert. Inspection of 

the video recordings revealed that this measurement was out-of-control because the cow was 

walking very slowly, was distracted and stopped walking right after passing the Gaitwise 

sensor. Preventive claw trimming during dry-off revealed that the cow had no lesions, hence 

a functional claw trimming was performed. The other out-of-control data points indeed 

indicated lameness, as the cow was severely lame at the time. Looking at the performed claw 

trimmings, the cow was not trimmed, which indicates that the animal caretaker did not notice 

the lameness. At day 226, the cow was scored lame again, indicated by an out-of-control stride 

length. The animal caretaker also detected the lameness, since the cow was trimmed on day 

227 at recommendation of the caretaker. White line lesions were found on the left lateral and 

right medial claws. The last time the cow was scored lame, at day 256, both stance time and 

stride length were in-control, implying that the lameness was not detected by these control 

charts. During whole herd-trimming it was observed that the white line lesions were curing, 

but still present, and a follow-up checkup was required. 

 

Several data points were out-of-control in both variable series of cow 404 around day 30 after 

the start of data recording. Some, but not all, of these out-of-control points coincided with 

intermediate (GS 3) gait scores. At day 80, the cow was scored severely lame, but this was not 

detected in any of the control charts. It should be noted that only a few data points were 

available during the preceding weeks, which may explain the non-detection. At day 88 and 

day 91, the cow was scored severely lame again, which was detected by the clearly out-of-

control stride length, but was not detected by the control chart of the stance time. When 

looking at other variables such as the step overlap, difference in step overlap between left and 

right, or abduction, no changes that indicated lameness could be visually detected. However, 

the relative duration of the weight bearing phase during stance was clearly low for the last 

two data points for the right hind leg, and the relative lifting time of the same leg was clearly 

increased compared to previous data points (data not shown). No treatment records were 

available for this cow at that time of the year, which suggests that the lameness has passed 

undetected by the animal caretakers.  
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Figure 8.6: Examples of individual lameness monitoring for two lame cows (3-level scale) based on Shewhart 

control charts on the stance time of the left hind leg (LH) and the stride length between two consecutive imprints 

of the left hind leg. Gait scores assigned by the expert are shown as well. 

 

8.4 DISCUSSION 

 

8.4.1 EVALUATION OF THE NEW MONITORING SETUP AND COLLECTED DATA 

 

The measurement success rate of 27.6 % was rather low compared to the 80 % reported by 

Maertens et al. (2011). As the same observer performed gait scoring for both the old and the 

new setup, comparison of locomotion scoring and data gathering was possible. The gait 

variables derived from the new setup (Table 8.2) were similar to those presented by Van Nuffel 

(2014), because the mean values per scoring class and their significant differences were 

comparable. However, cows were distracted more in the new setup compared to the old 
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setup, which seemed to be reflected in their walking pattern. Distractions were visible in the 

form of cows standing and looking around, or keeping their head low and sniffing their 

surroundings while walking, causing them to slow down and walk inconsistently. Cows gave 

the impression to walk slower in the new setup, although the absolute mean stance times 

were comparable to those in the study of Van Nuffel (2014). The most important reason for 

non-successful measurements was hence that cows were often standing still in front or on top 

of the Gaitwise sensor. This implied that there were no recorded hoof imprints, or no useful 

data because the cow was not walking. Many additional measurements failed for this reason, 

since the measurement of the next cow entering the setup was often compromised as well, 

especially when cows were released shortly after each other from the conventional milking 

parlor. Due to the nature of the processing algorithm, it was not possible to determine what 

proportion of the discarded measurements was caused because of this reason. Part of the 

measurements was lost due to cows running (0.4 %) or slipping (1.7 %) on the sensor. Although 

we aimed to avoid manual data selection, some measurements were manually removed from 

the dataset during gait scoring. This was the case when gait was clearly affected by a reason 

other than lameness that was not picked up by the data processing algorithms. Examples are 

when the cow was standing still right before the sensor, implying that the cow needed to get 

going again and her gait pattern was not representative for normal walking during the first 

steps, or when the cow stopped walking right after the sensor, implying that she was already 

slowing down while walking on the sensor. 

 

A lack of motivation to go back into the barn likely caused cows to slow down or stop walking. 

Cows were not pastured and may hence have enjoyed being outside, triggering them to look 

around and stop walking. Cows were milked and fed right before entering the measurement 

setup (feed first system), implying that they were not hungry or bothered by a filled udder. In 

the old setup, cows were fed after milking and had to pass the Gaitwise sensor before gaining 

access to the feed. Therefore, they may have been more motivated to walk through. 

Moreover, multiple selection gates, bridges, one-way gates and the step at the leveled 

platform may have triggered cows to stop walking due to being tired of all the obstacles on 

their way. In addition, the Gaitwise sensor itself provided a quite soft walking surface 

compared to the hard concrete path and rubber covered steel platform. As such, the soft 

patform was comfortable to stand on, and may have triggered cows to slow down and focus 

their attention on their environment instead of walking back to the barn, especially while 

having an open view on the nearby pasture.  

 

The new monitoring setup was designed based on the idea that cows should be allowed to 

walk at their own chosen pace. However, this implies the underlying assumption that cows 

walk at a higher pace when being non-lame compared to when being lame. Based on our 

experiences with the new monitoring setup, it should be noted that cows must be motivated 

to walk fluently at a high pace to obtain successful measurements. Therefore, distractions and 

obstacles should be avoided as much as possible. Shielding walkways on the sides could avoid 

distractions, but this would eliminate the possibility to film cows from the side while walking 

over the measurement zone. However, this would not be necessary anymore for commercial 
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systems used in dairy practice, and hence not be a problem in practice. Another option could 

be to drive the cows with an automatic driving system at a sufficient pace, assuming that lame 

cows would be forced to show lameness more clearly, and that non-lame cows would walk 

fluently. However, such automatic driving systems could be expensive, which would reduce 

the economic value of the automatic lameness detection system drastically, making this 

option less useful in practice. Selection gates used to obtain individual measurements could 

trigger cows to stop walking, thereby potentially causing problems with cow traffic in the 

milking parlor or robot. Algorithms capable of separating imprints from consecutive cow 

measurements would eliminate the need for gates, but cows could then influence each other’s 

walking pattern as a result of social interactions, potentially resulting in an abnormal gait 

pattern and consequently in false alarms for lameness. For future research and use in practice, 

it may be better to adapt the design of the assembled sensor to make it less soft to walk on. 

This could be partially achieved by removing the layer of rubber underneath the actual sensor 

(bottom orange rubber in Figure 8.1). 

 

The total number of measurements (i.e. successful and failed measurements) performed 

during the duration of the experiment was also rather low. Some cows participated in other 

experiments or were dried off and removed from the production group, implying that no 

measurements were performed during this period. Cows were not allowed on the setup 

during nighttime, meaning that most lactating cows only passed the setup once a day. 

Combined with aforementioned issues, a very high number of daily measurements were 

missing, resulting in a lack of good time series that clearly represent the evolution of a non-

lame cow becoming lame. Future experiments should therefore focus on reducing 

aforementioned problems to increase the measurement success rate. A possible solution 

could be to install the Gaitwise sensor inside a commercial dairy barn where few adaptations 

to the normal cow traffic are necessary to allow automatic daily recording of gait data. 

 

8.4.2 GROUP BASED LAMENESS DETECTION MODELS 

 

Similar to previous research using the Gaitwise walkover system, mostly variables related to 

stance time and stride length were retained in the final LMM detection model (Maertens et 

al., 2011; Van Nuffel et al., 2015a; Van Nuffel et al., 2015b). These variables were, due to the 

intention not to use gait variables related to a specific leg, related to some form of asymmetry 

(cfr. asymmetry, difference and index variables) between legs or between both body sides. 

Asymmetry variables were often used in aforementioned literature as well, indicating their 

importance to detect lameness.  

 

The current detection model performs worse compared to previous detection algorithms 

based on the Gaitwise system (Van Nuffel et al., 2015a), as the obtained sensitivity was much 

lower. When comparing to the results of Van Hertem et al. (2016), who used a 3D camera 

system, lower sensitivity (39.4 vs. 68.5 %), comparable specificity (88.0 vs. 87.6 %), and higher 

classification accuracy were obtained (86.9 vs. 79.8 %) in a binary classification approach (non-
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lame/lame vs. not attended/attended) for those cows that were part of both the training and 

validation dataset. Another recent study using a 3D camera system performed by Abdul Jabbar 

et al. (2017) obtained much higher sensitivity (39.4 vs. 100 %), but lower specificity (88.0 vs. 

75 %) and higher accuracy (86.9 vs. 95.7 %). However, a low number of measurements (two 

per cow) and a small herd size (22 cows) was used in the cited study, and the presented results 

were not yet validated. Compared to a recent study by Nechanitzky et al. (2016) using load 

cells, our model reached much lower sensitivity (39.4 vs. 94 %), but higher specificity (88.0 vs. 

80 %). Referring to the study of Martiskainen et al. (2009) using cow-attached systems, 

sensitivity (39.4 vs. 65-79 %) was much lower, but specificity (88.0 vs. 66-79 %) was higher in 

our study. In summary, it can be concluded that our results are not better than those obtained 

with other sensor systems and detection algorithms, and not sufficient for use in commercial 

dairy farming due to its low sensitivity and high number of false alarms in case of daily updated 

attention lists.  

 

The still insufficient performance of the group-based detection model may be attributed to 

several causes. First, the prior probabilities for each of the lameness scores were very unequal, 

implying that the detection model could be skewed towards better classifying those groups 

with high prior probabilities (i.e. non-lame measurements, thus lowering sensitivity). Second, 

many measurements scored lame (GS 4 or GS 5) belonged to the same cows, as they were 

lame for a longer period of time, which could have influenced model coefficient estimates. 

Third, gait scores used as a reference for the development of detection models are only a 

silver standard instead of a gold standard (Dominiak and Kristensen, 2017). Issues with 

subjectivity and repeatability imply that gait scores are not 100 % correct (Engel et al., 2003; 

Brenninkmeyer et al., 2007; March et al., 2007), and may hence show some variation between 

consecutive scorings, as illustrated in Figures 8.5 and 8.6. When using discrete gait scores, grey 

zones exist around cut-off points, implying that cows or measurements on opposite sides of 

the cut-off point show a very similar walking pattern, whereas they were assigned different 

gait scores. When strictly looking at classification results, detection models cannot perform 

better than the used reference, and errors in the reference can cause a decreased model 

performance. Therefore, visual analog scales (VAS) may be more reliable compared to ordinal 

scales (Tuyttens et al., 2009). Contradictorily, detection models are intended to replace visual 

lameness detection, but are developed using visual (expert) scores as a reference. Fourth, due 

to the built-in conflict in the relation between sensitivity and specificity, it is very difficult to 

develop detection models where both performance parameters simultaneously reach high 

values (Dominiak and Kristensen, 2017). Finally, as the LMM did not take the order of gait 

scoring classes into account, a multinomial model may have been more appropriate compared 

to the linear mixed model, as such a model would take into account that the difference 

between two gait scores is not always equal (e.g. difference between GS 1 and GS 2 is not the 

same as between GS 1 and GS 5). 

 

As can be concluded from Tables 8.4 and 8.5, the detection model did not perform well for 

new cows. A possible reason could be that no cow-specific intercept was estimated for those 

cows, as this estimation requires a sufficient number of measurements before it can be 
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performed. For some of the new cows, only a few measurements were available, or large time 

gaps were present in-between the different measurements, implying that no accurate 

intercept could be estimated. The lower detection performance of the model on the validation 

data could hence be a result of non-ideal validation data. However, as can be observed from 

the results, even if cow-specific intercepts were already estimated, the accuracy rate dropped 

substantially for new measurements of cows that were also represented in the training data 

(cfr. training and validation data of the 91 cows). This could be caused by the fact that all 

available measurements of the same cow in the training data were used to estimate the cow-

specific intercept. Not only measurements that were scored non-lame were used, but also 

measurements with higher gait scores. This could have resulted in inaccurate intercept 

estimations. If better time series of gait data become available in the future, only training data 

of measurements that are scored non-lame should be incorporated in the model estimation. 

Also, parity was the only cow-related variable that was retained in the model, so no correction 

for the lactation stage or gestation stage was applied. The reason for other cow-related 

variables not being entered into the model could be that several cows in the herd had a very 

high number of days in lactation (16 of the 91 cows were more than 400 DIM during the data 

gathering period, with 7 cows even more than 500 DIM). As the combination of their 

respective milk production, lactation stage and gestation stage was not representative for a 

normal situation, this could have influenced the modelling process and hence be the reason 

why these variables were not significantly contributing to the LMM. As a result, the cow-

specific intercept alone may not be accurate enough to sufficiently individualize the model for 

each cow. 

 

8.4.3 INDIVIDUAL LAMENESS DETECTION MODELS 

 

No engineering process control step was applied in this study, because high numbers of 

missing measurements complicate the calculation of EPC models (Mertens et al., 2011). The 

obtained time series were not representative enough to show the normal evolution of the gait 

variables of non-lame cows over time. It was hence not possible to model such normal 

evolutions on the gathered data. Therefore, a time window was applied on the in-control 

measurements to account for potential normal time-driven changes in the variable mean.  

 

The presented example control charts showed that it is possible to detect lameness 

individually using Gaitwise. However, out-of-control data points not linked to lameness cause 

false alerts when alerted to the farmer directly. As such, it may be interesting to only alert the 

farmer when a number of consecutive out-of-control values is detected. This was not possible 

in this study, as too many daily measurements were missing, implying that often only isolated 

out-of-control values due to lameness were found. Moreover, inconsistent walking made it 

difficult to detect gait variable changes due to lameness, as such changes could be hidden, 

resulting in high numbers of out-of-control data points not linked to lameness. Out-of-control 

measurements can also be the result of a coincidentally altered gait pattern, which can for 

example be the case if a cow is walking at a much higher speed than normal, resulting in 
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exceptionally short stance times and high stride lengths. As a result, the presented control 

charts show multiple false positive lameness alerts for most cows in the dataset. Detection 

algorithms should be robust and capable of handling such exceptions to not cause an excessive 

number of false alerts. Hence, additional decision rules are necessary to decide when a cow 

should be placed on the attention list for the farmer. Also, not enough reference values of 

non-lame measurements could be found to initialize the control chart for each cow. As a 

result, no individual monitoring could be done for those cows until enough non-lame 

measurements had been performed. Moreover, as the cow’s lameness status during the 

reference period should be known, either the farmer or a group-based detection model should 

provide an indication of the cow’s current lameness status. The latter should then be verified 

by an expert. During data analysis, it became clear that detecting cows belonging to the 

intermediate group was near to impossible with the gathered data. These cases were either 

not detected (no out-of-control data points), or they were blurred by many other out-of-

control measurements not caused by lameness, rendering automatic identification of the true 

positive alerts almost impossible. CUSUM charts have been suggested by Pastell and Madsen 

(2008) to monitor lameness individually, as they may be capable of monitoring small variable 

changes caused by a gradually developing hoof lesion. CUSUM charts may therefore be more 

interesting to detect lameness compared to Shewhart charts. This would especially be the 

case for mild lameness, because the latter are meant to detect more sudden changes that are 

occurring more in the case of sudden acute lameness. However, due to the aforementioned 

problems, such CUSUM charts were not applicable on the gathered data, but should be 

assessed in the future.  

 

Lameness is a symptom of changed gait, implying that several gait parameters can be affected 

simultaneously. These effects may be small, and hence not always noticeable when looking at 

individual gait variables. By combining simultaneous changes of several gait variables within 

the same measurement, these changes may become visible more clearly. In control charts, 

combination of two or more variables in the same control chart may hence reveal an out-of-

control measurement as a result of combined small normal deviations, whereas the same 

measurement may have been in-control when looking at individual control charts 

(Montgomery et al., 2011). Occasional out-of-control values can be coincidental, but would 

no longer be alerted to the farmer if consecutive out-of-control data points are required to 

place the cow on the attention list. If cow gait is monitored continuously, model sensitivity 

requirements could be lowered because more occasions to detect lameness are present 

(Dominiak and Kristensen, 2017), allowing to focus more on high specificity. As such, the final 

detection performance would likely be improved, while more false alarms are avoided. 

However, consistent daily sensor measurements with few missing measurements are needed 

to make this approach successful. 

 

In general, it could be concluded that individual monitoring of cow lameness using gait 

variables derived from the Gaitwise system looks promising, but that the data gathering still 

presents some challenges. It is worth mentioning that data gathering was fully automated, 

and that data processing required almost no interference of an operator. Once 
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abovementioned challenges are tackled, and time series of gait variables with few missing 

data can be gathered, individual monitoring based on control charts could provide an 

improved lameness detection performance. Further research is needed to find out how the 

design of the measurement setup and the success rate of the automatic measurements could 

be improved, and how cows could be motivated to walk through without human interference. 

 

8.5 CONCLUSION 

 

The goal of this study was to improve lameness detection algorithms based on automatically 

measured gait variables using a pressure sensitive position mat known as Gaitwise. A LMM 

lameness detection model based on group based thresholds was developed, but provided a 

still  insufficient detection performance for use in practice (39.4 % sensitivity and 88.0 % 

specificity on validation data). Nevertheless, an attempt was made to transform model 

outcomes into an attention list for the farmer. Individual lameness detection based on 

Shewhart control charts applied to spatio-temporal gait variables (stance time and stride 

length of the left leg) was found to be promising, but monitoring algorithms should be 

developed on time series with a low number of missing measurements. To this end, it is 

important to make non-lame cows walk at a sufficient and consistent pace to allow for 

individual gait monitoring. Future research should focus at increasing the measurement 

success rate by using a thinner sensor setup to avoid the need for a leveled platform and by 

avoiding obstacles. The sensor should preferably be placed inside the barn near the exit of the 

milking parlor in an alley where cows are not distracted by their environment. Practical issues 

concerning implementation of the sensor on the farm should hence be investigated more 

extensively to allow for more successful data gathering in the future. Future research could 

focus on combining gait variables in multivariable control charts and deriving attention lists 

for the farmer to improve the detection performance.  
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9.1 GENERAL DISCUSSION AND CONCLUSIONS 

 

This section comprises a general discussion on the presented work, and is divided in three 

main parts. In the first part, general reflections on previous chapters and used methods are 

made, including limitations of the research and elaborations on the presented results. In the 

second section, the results of the different chapters are interlinked to finally formulate design 

criteria for future development of automatic lameness detection systems. Implementation of 

these criteria in practice is discussed with a focus on the Gaitwise system. In the final part, a 

tentative evaluation of the future of automatic lameness detection systems in commercial 

dairy farming is performed. 

 

9.1.1 GENERAL REFLECTIONS AND LIMITATIONS  

 

Estimating economic value is a work in progress 

 

In this PhD-research, the complex system of drivers for economic value of automatic lameness 

detection systems was mapped, and first estimates of this value were provided through 

simplification and use of literature data. Although many studies state that early detection and 

treatment reduce treatment costs and improve animal welfare (Flower et al., 2005; Leach et 

al., 2012; Viazzi et al., 2013), a knowledge gap concerning the effect of automatic detection 

and subsequent treatment on lameness costs was identified. Subclinical (mild) lameness was 

accounted for in the economic estimation, but the incidence of severely lame cows was not 

reduced when the detection of mild lameness improved. This implies that no dynamics of 

subclinical lameness cases developing into clinical lameness were taken into account. Such 

evolutions should be accounted for to make the estimation more accurate, as they will reduce 

the economic value due to less severe lameness cases that need to be detected and treated. 

We assumed that detected mild lameness was best treated by performing a checkup and 

functional claw trimming on the cow. However, it is unclear how mildly lame cows should 

preferably be treated, since a recent study states that performing claw trimming on mildly 

lame cows did not improve cow gait nor avoid milk production losses (Garcia-Munoz et al., 

2016). Our model assumed that false alarms (non-lame cows detected mildly or severely lame) 

are checked and that a functional claw trimming is performed, as the farmer doesn’t know the 

alarm is false.  False alarms are hence costly, and are given the same treatment as detected 

mildly lame cows. Therefore, more research is needed to find out how mildly lame cows 

should be treated after detection by an automatic detection system to reduce unnecessary 

costs.  

 

Importantly, system costs, implementation costs, and maintenance costs were not included 

in the analysis, as no such costs from implementations in practice are known yet, nor assessed 

during this PhD. Also, some potential economic implications of lameness are still unaccounted 

for. Examples are labor costs for current visual detection, or potential costs due to a decreased 

number of cow places when an alley-based automatic detection system is installed inside a 
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barn where no suitable alley is present. Since recent estimates show higher cost values for 

lameness (€ 105 per cow in the herd per year (Charfeddine and Pérez-Cabal, 2017) compared 

to the € 53 per cow per year estimated by Bruijnis et al. (2010)), the calculations in Chapter 3 

may underestimate the true economic value. The lameness detection performance affected 

economic value estimates strongly. However, the time dependency of attention lists (e.g. daily 

or weekly) was not taken into account, as performance measures were assumed to be 

expressed on a lameness case basis. Herd size was identified as an important driver for 

economic value, but its relation with system cost is still unknown, and hence not yet 

accounted for in the presented framework. This is important because cow-attached systems 

need a device for each cow, whereas walkover and camera systems allow monitoring a high 

number of cows. The high fixed costs are hence spread over a larger number of cows, which 

could make such systems more feasible for large herds. For those systems, economic value 

increases by monitoring more cows, but a maximum limit may apply. Increasing system 

lifespan increased the economic value, but it should be noted that the default lifespan of 10 

years as assumed in Chapter 3 may be rather optimistic, especially when considering previous 

breakdowns of the walkover system used in this study and the potentially low battery lifespans 

of cow-attached systems (cfr. Chapter 2). As such, lifespan is a very important system 

characteristic that should be estimated more accurately and prolonged to increase the 

economic value.  

 

Estimating farmers’ preferences yields a paradoxical story   

 

Farmers’ preferences for automatic lameness detection systems were mapped, and the effect 

of informing farmers about lameness consequences on their willingness to adopt such systems 

was assessed. This is paradoxical, as farmers’ preferences were surveyed, but farmers may 

lack knowledge about system details to form an informed and well-constructed opinion. For 

example, farmers had to choose between options with different levels for the characteristic 

false alarms, but they may not have been aware of what a false alarm actually means and what 

its consequences are in practice. As such, the importance of this characteristic may have been 

underestimated. Farmers might hence find it difficult to state preferences for economic 

aspects of automatic detection, as they are often insufficiently aware of the true costs of 

lameness. Farmers may be more adventurous in a hypothetical situation than they would be 

in reality, resulting in an overestimated willingness to pay or willingness to adopt. On the 

contrary, when farmers conservatively hold on to visual detection due to a lack of knowledge 

on the system, willingness to adopt may be underestimated, because they underestimate the 

current lameness costs and potential economic value of automatic lameness detection. The 

current overall preference for visual detection over automatic detection could hence be 

caused by a lack of knowledge on the impact of subclinical (mild) lameness on the farm. This, 

in its turn, could be caused by farmers not detecting mild lameness visually and hence 

underestimating the prevalence of mild lameness. Farmers could be more willing to adopt an 

automatic lameness detection system in reality after becoming fully aware of the lameness 

problem and the advantages of such systems. Since economic value was not incorporated as 

a system attribute in the experiment, farmers had little information besides their own idea of 
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the cost of lameness to estimate the economic value of automatic lameness detection. This 

supports the hypothesis that the willingness to adopt may have been underestimated. 

Perhaps, farmers’ responses could have reflected their true adoption behavior more 

accurately if the economic value attribute would have been incorporated in the choice 

experiment. Nevertheless, the obtained results provide a first idea on the Flemish dairy 

sector’s current interest for automatic lameness detection, suggesting that visual detection is 

currently still preferred over automatic detection. The extra information influenced farmers’ 

preferences towards higher interest in automatic detection, indicating the usefulness of 

awareness-raising actions. Adoption of new technology is more likely if farmers acknowledge 

the problem (Ritter et al., 2017), which means they need to be informed first. We did not 

assess how this information should best be provided to the farmer. This is important, as the 

way the information is provided can affect to which extent the farmer uses it to form his 

opinion or make management changes (Adegbola and Gardebroek, 2007; Jansen et al., 2010; 

Russell and Bewley, 2013).  

 

The results of the discrete choice experiment showed a link between several socio-

demographic characteristics (i.e. importance of lameness for the farmer, presence of an estrus 

detection system, interval between calving and conception) and the usefulness a farmer 

attached to a specific detection system. It should be noted that, although these aspects were 

incorporated in the utility model, the observed links simply show associations and are not 

necessarily the cause of changes in the utility a farmer attaches to a system. Therefore, the 

conclusions made in chapter 4 have to be interpreted with care, as no causal relations have 

been proven. In addition, the number of respondents was relatively low, especially when 

accounting for the fact that each farmer only answered a few choice sets. As choice sets were 

divided over eight blocks, it took eight respondents to gather a full set of answered choice 

sets, implying that each choice set was answered about 16 times on average, or 32 times if 

the second block after the extra information is also counted. It would have been better to 

show all 32 choice sets to the farmer to increase the number of answered choice sets, but this 

would have resulted in a too large survey that could cause farmers to end the survey 

prematurely. The low number of respondents per choice set should be kept in mind when 

interpreting the presented results, meaning that generalization over all farmers should be 

avoided. 

 

Supporting the adoption of automatic lameness detection systems in practice is possible by 

lowering system costs and increasing detection performances (Chapter 3), but other factors 

such as policy or farmer rationality, can also affect adoption rates (Ritter et al., 2017). It is very 

important that farmers know how to use the system and interpret its findings, but also what 

other aspects of the lameness management should be changed, and what action should be 

undertaken after receiving a lameness alert. Similar conclusions have been drawn for other 

precision dairy technologies, as farmers indicated that, besides detection performance, cost-

effectiveness and total investments, also compatibility issues and the availability of local 

support and training significantly influenced their investment decisions (Banhazi et al., 2012; 

Borchers and Bewley, 2015). Such influencing factors were not assessed during this study, but 
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should also be taken into account during commercialization of automatic lameness detection 

systems.  

 

Downscaling walkover systems should be continued in the future  

 

The results obtained in this study suggest that it is possible to reduce the complexity of a 

walkover system in terms of spatial requirements and system cost by reducing the sensor 

surface length and resolution. However, the effect of the assessed downscaling actions has 

not yet been tested on the new variables determined in Chapter 7. Downscaling sensor 

resolution may influence these within-imprint time variables (landing, full weight bearing and 

lifting time), or could obstruct their calculation. When these within-imprint variables are 

indeed influenced, incorporating them in a detection algorithm may not lead to similar 

detection performances as obtained with the original sensor (cfr. Chapter 8). Downscaling 

Gaitwise was performed through simulation instead of actually downscaling hardware. 

However, as mentioned in Chapter 6, other hardware may react differently than assumed in 

the simulations (G. Crockford, Gaitrite, personal communication, December 8, 2015). Such 

effects are difficult to predict, and can involve both sensor triggering (e.g. a sensor no longer 

being triggered where previously assumed triggered) and the timing of triggering (sooner or 

later triggered than assumed), thereby affecting calculated variables and the information they 

contain. The true effect of downscaling can hence only be assessed after developing and 

testing a final detection algorithm based on an actual downscaled sensor. If downscaled 

sensors are not readily available and original sensors have to be adapted, extra research and 

development costs may be entailed, which are estimated at $ 50,000 for the Gaitwise 

walkover system (G. Crockford, Gaitrite, personal communication, December 8, 2015). 

 

Continuing the search for new variables interesting for lameness detection  

 

New gait variables describing tenderness of hoof placement and body weight distribution 

during walking were successfully derived from Gaitwise data, and proved useful for 

discriminating between lame and non-lame cows. Other sensor systems that provide similar 

timing data may also allow calculation of these variables, but a similar measurement 

frequency may be needed. For lower measurement frequencies, the calculated variables may 

no longer contain useful information for lameness detection. Potentially, no differences 

between non-lame and lame groups may be found, especially for the relative sizes of the 

within-stance phases. Pressure plates likely have a sufficient measurement frequency, but 

may not allow within-imprint variable calculation due to missing imprint positioning data. 

Similarly, deriving double and triple support times may not be possible. Camera systems may 

allow to derive the within-stance phases, but the camera’s frame rate (i.e. measurement 

frequency) may be too low. Most regular cameras and Kinect 3D cameras have framerates of 

25 to 30 fps (Microsoft Corporation, 2017), which is only half the Gaitwise measurement 

frequency. Cameras with larger framerates are available for a slightly larger cost. Whereas 

currently used cameras may allow to derive double and triple support times, indoor 

positioning systems do not allow to derive any of the new variables. Accelerometers may 
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provide useful information, but thorough analysis is needed to extract the required 

information to calculate the variables. However, all other sensor systems may allow to derive 

other new gait variables that cannot be measured using Gaitwise. Hence, it seems useful to 

search for other new variables for each of those sensor systems.  

 

Developing useful high performant detection algorithms is a work in progress 

 

In Chapter 8 was shown that it is not an easy task to gather qualitative gait data in an 

automated way to allow developing high-performing lameness detection algorithms. 

Although data gathering and processing were fully automated, the substantial impact of cow 

behavior and coincidental gait changes on the measurement success rate and data quality 

obstructed the collection of high quality time series of gait data. Although this may have 

partially been caused by the rather abnormal barn situation, further research is needed to find 

out how cow behavior can be controlled more to make the measurement success rate depend 

less on it.  In order to improve data collection and algorithm development using the Gaitwise 

walkover system, cows should be motivated to walk at a sufficient and consistent pace to 

obtain good time series with few missing data. This may be obtained by reducing walking 

distances, avoiding obstacles and avoiding possible distractions for the cows. Similar issues 

could occur with other sensor systems, such as cameras or pressure plates, that also require 

cows to walk through an alley. 

 

Locomotion scores of individual cows tended to vary over time. This may be due to normal 

variation, but could also be the result of an non-ideal reference determination method. 

Therefore, the referencing system used to determine the true lameness status, i.e. performing 

visual locomotion scoring on video recordings, should be critically evaluated. As not all 

lameness indicators were easily visible on the video recordings, the reliability of locomotion 

scores extracted from video recordings could be questioned. Possibly, some indicators are less 

visible if the video has been recorded from the contralateral body side of the cow, or as a 

result of the fact that the camera is fixed at a certain height and angle. During live scoring, the 

observer can walk along or move around the cow to perform a better observation, which is 

not possible with video recordings. However, during live soring trials, cows were distracted by 

the observers, which was reflected in their gait pattern. It was therefore not possible to 

perform live scoring during the time the Gaitwise measurement was performed to obtain an 

exact reference. Future research should verify whether locomotion scoring on videos is really 

a good alternative to live scoring. Because such verification needs a good silver standard, the 

reference locomotion scores should be determined by consensus of multiple expert observers 

to further increase the reliability of gait scoring. This is very important, as a detection model 

developed using such a silver standard can only perform as good as the reference allows it to. 

In theory, it could be possible that the detection model is actually correct for certain deemed 

false positives, whereas the actual incorrect reference remains unnoticed. As individual 

monitoring of cow gait in time looks promising, it may be possible to develop high-performing 

individual lameness detection algorithms in the future if good time series with few missing 

data and reliable references are gathered.  
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9.1.2 SUPPORTING FUTURE DEVELOPMENT AND ADOPTION IN PRACTICE 

 

Design criteria for automatic lameness detection systems 

 

The main goal of this PhD was to support the development and adoption of automatic 

lameness detection systems by combining economic, socio-psychological and technical factors 

to better identify current knowledge gaps, and to define design criteria for further 

development. Although the chapters handle different topics, they are closely related to each 

other and all essential to provide a good overview of how automatic lameness detection 

systems should evolve to become viable, well-adopted systems. Together, they provide an 

answer to the research objectives stated in Chapter 2. The last three chapters focused on the 

Gaitwise system as a case study, but the results can be related to other detection systems as 

well. For the first time, estimates of the economic value of automatic lameness detection 

systems were provided by mapping drivers for economic value. This analysis clarified which 

aspects related to the farm and the detection system influence economic value the most. The 

most important aspects were the herd size, the prevalence of mildly lame and severely lame 

cows on the farm, the detection performance of the system, the system lifespan, and the type 

of system (cow-attached vs. not cow-attached). Farmers’ preferences for system cost and 

lameness detection performance were mapped, and their willingness to adopt automatic 

detection systems on the farm was assessed. As farmers attached great importance to the 

system cost and the detection performance, it can be concluded that automatic detection 

systems should have a sufficiently high detection performance (low number of false alarms 

and undetected lame cows) to be wanted by the farmer, but also to be economically feasible. 

As could be concluded from chapter 5, increasing the detection performance and lowering 

system cost would most likely lead to an increased adoption rate in practice, but would also 

increase the system’s economic value. All sensor technologies included in Chapter 3 were 

capable of generating a present value of avoided costs (PVNAC, see chapter 3). However, to 

become economically viable in practice, the cost of these systems should be lower than the 

economic value of avoided lameness.   

 

In Figure 9.1 (top), the influence of the aforementioned aspects is visualized. Since cow-

attached systems require a device for each cow, their cost per cow does not decrease 

substantially for larger herd sizes. The contrary is true for walkover systems and alley-based 

camera systems, as system cost is spread over the herd size, implying lower costs per cow and 

hence higher economic value per cow in case of comparable detection performances. 

However, due to current high system costs, such systems are only competitive with cow-

attached systems when a similar cost per cow is obtained, implying that herd size should be 

quite high (S1). If investment costs of such a system are reduced substantially (cfr. Chapter 6), 

the situation where the cost per cow of the different technology types is equal, is obtained for 

a smaller herd size (S2). However, if cow-attached systems are also downscaled with respect 

to system cost, or cost-efficiency can be increased by using the same hardware for different 

health monitoring purposes (e.g. estrus detection, disease detection), a competitive situation 

is only reached for a larger herd size (S3). In case herd sizes become very large, the maximum 
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herd size to be monitored using walkover and camera systems can be exceeded, implying that 

an extra detection system is necessary and costs per cow increase.  

 

These insights lead to the conclusion that no general trade-off between system performance 

and economic value exists, as shown in the bottom part of Figure 9.1. Assuming that system 1 

has a certain cost per cow for a certain herd size, its true economic value (NPVNAC instead of 

PVNAC, see chapter 3) is negative if there are no lame cows on the farm. As such, the system 

costs money with no financial return from its use on the farm. Hence, its true economic value 

would only become positive if a certain number of lame cows (i.e. the prevalence) can be 

detected and treated, and hence losses are avoided. If the system has a high detection 

performance, the economic value will be higher compared to the situation where the same 

system has a lower detection performance if the prevalence and system cost per cow remain 

equal. As system 2 has a higher cost per cow compared to system 1, it becomes only 

economically feasible for higher lameness prevalences. To also become feasible for farms with 

lower lameness prevalences, its cost per cow would have to be reduced. Using the system only 

on farms with larger herds would reduce the cost per cow in case of a system that is not cow-

attached. Or, reducing the investment costs of the system would lower its cost per cow (i.e. 

for both cow-attached and not cow-attached systems). Based on the assumptions made in 

this study (an average herd size of 65 cows, 14 % severely lame cows, 46 % mildly lame cows, 

a system lifespan of 10 years and current system performance as mentioned in Chapter 3), it 

can be stated that the cost per cow per year should not exceed € 22.1, € 17.3, € 20.0 or € 15.6 

for respectively a walkover pressure mat, walkover pressure plates, accelerometers and 

cameras in their current form (Chapter 3). Finally, it should be noted that even if two different 

systems have the exact same characteristics, system cost and economic value, the adoption 

rate in practice could be different due to the intrinsic preference of farmers for cow-attached 

systems relative to walkover systems and camera systems (Chapter 4). 
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Figure 9.1. Illustration of the influence of design criteria on future development of existing automatic lameness 

detection systems. Top: system cost per cow depends on the type of system and the herd size. Bottom: the true 

economic value per cow depends on the system cost per cow, the prevalence of mildly and severely lame cows on 

the farm and on the detection performance of the system. For simplicity, no differentiation was made between 

mildly and severely lame cows. 

 

Developing automatic lameness detection systems requires a holistic approach 

combining technical, economic and socio-psychological factors 

 

The work presented in this thesis has shown that a holistic approach combining technical, 

economic and socio-psychological aspects is necessary for successful development of 

automatic lameness detection systems and consecutive adoption in commercial dairy farming. 

As no efficient automatic detection systems are on the market yet, and most other studies 

have focused on only one of these aspects, such holistic approach seemed to be missing in 

scientific literature. As a result, several knowledge gaps were still present, and links between 

technical, economic and socio-psychological aspects were largely missing. This study did not 
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only combine the abovementioned aspects, but also maintained an open view towards the 

use and further development of different sensor technologies and detection systems. As such, 

the obtained results can be expanded and applied on automatic lameness detection systems 

in general.  

 

The results obtained in this study suggest that current detection system prototypes are not 

yet sufficiently cost-efficient to be used as full-fledged detection systems in practice, as 

current economic value estimates were rather low compared to the perceived high 

investment costs (Chapter 3). Several possibilities to increase a system’s economic value, 

usefulness, and potential adoption rate exist (Chapter 5). For example, the investment costs 

could be lowered by downscaling the system (Chapter 6), the detection performance could be 

improved (Chapter 7 and 8) to increase the economic value (Chapter 3), the system lifespan 

could be increased (Chapter 3) and the on-farm applicability could be facilitated (chapter 6).  

 

Such a holistic approach could also be found in combining different sensor technologies to 

obtain higher detection performances. For example, the Gaitwise system could be combined 

with a camera system to derive other gait variables that cannot be derived from the Gaitwise 

system alone (e.g. back arch, touch and release angles of the hooves etc.). This way, it is 

possible to combine the different gait variables in one detection algorithm and potentially 

obtain higher detection performances and economic value. Similarly, pressure mats could be 

combined with activity monitoring technologies (e.g. accelerometers, positioning systems) in 

order to combine gait pattern information with activity data. This way, advantages of different 

technologies can be combined. Since Flemish farmers attached great importance to the ability 

of a detection system to indicate which leg is lame, incorporating this ability into a detection 

system could increase its adoption rate. This may be easier to realize for some systems than 

for others, as it requires the measured variables to be related to a specific leg. For example, 

pressure sensitive position mats provide gait variables for each leg, allowing finding 

differences between two legs. Cameras may be able to provide such data, as well as pressure 

plates if a separate plate per leg is used. For cow-attached systems, this feature seems rather 

difficult to develop. As such, identifying which leg is lame may be easier for systems based on 

pressure mats and cameras, whereas this may be more difficult for cow-attached systems, 

cameras and pressure plates, depending on the system design. Combination of the different 

sensor technologies could therefore allow reaching a higher detection performance and 

simultaneously allow to indicate which leg is lame. However, the cost-efficiency of such 

approaches should be kept in mind to finally develop viable lameness detection systems.  

 

The cost-efficiency of such combinations of sensor technologies could be accounted for by 

broadening the holistic approach. Different health monitoring systems could be combined in 

a truly holistic approach that goes beyond the approach as presented in this study, which only 

concerned lameness detection. Accelerometers could be used for both estrus detection and 

lameness detection, thus using the same hardware and making the system more cost-

efficient. Camera systems could be used to detect lameness, but may simultaneously be used 

to perform regular cow body condition scoring, which may allow detecting other health 



CHAPTER 9: General discussion, conclusion and future perspectives 175 

problems more easily. Pressure plates could be used to detect lameness, but may also be 

useful to simultaneously record cow weight. A combination of a pressure mat and a cow-

attached activity monitoring device could be used to detect both lameness and estrus, and 

may even be combined with a camera system to further improve lameness detection 

performance and simultaneously allow automatic body condition scoring. As such, many 

possibilities exist to further improve the detection performance and cost-efficiency of 

automatic lameness detection systems in the future. In addition, future hardware 

developments may imply lower manufacturing costs, thus increasing possibilities to use such 

farm-wide holistic monitoring approach in which different health monitoring systems are 

combined. 

 

Implementation of design criteria in the Gaitwise system 

 

A walkover pressure sensitive mat (Gaitwise) was chosen as a case study to assess 

implementation of the derived design criteria, because of its high potential for improvement 

regarding spatial requirements, system cost and detection performance. The current Gaitwise 

system is costly, as the incorporated Gaitrite sensor  (Gaitrite®, CIR Systems, Inc., NJ, USA) 

costs around € 20,000 to € 25,000 (Van Nuffel, 2014). Implementation costs due to necessary 

adaptations in existing dairy barns are still unknown for this system, as the implementation at 

the ILVO barn was not representative for practical conditions. However, downscaling actions 

performed in Chapter 6 indicated a possible reduction of 83 % for the sensor costs, assuming 

that the applied sensor adaptations would affect the sensor price linearly.  New gait variables 

were successfully derived from the Gaitwise system in an attempt to find more variables that 

can be useful for lameness detection (Chapter 7). Using both the already existing and the new 

gait variables, a group-based monitoring approach and an individual monitoring approach 

were used to develop new detection algorithms with a low number of false alerts and missed 

lame cows. However, the new detection algorithms developed in Chapter 8 do not provide a 

better detection performance compared to the original algorithm at the start of this PhD. As 

the original Gaitwise system costs at least about € 30 per cow per year (€ 20,000 for a herd of 

65 cows and lifespan of 10 years), the system cost would be higher than the estimated 

economic value of € 22 per cow per year. In this scenario, the current Gaitwise system would 

only start to become economically feasible for a herd size of about 100 cows or higher (with 

prevalences of 46 % mildly lame cows and 14 % severely lame cows). As the average herd size 

in Flanders is still much lower, the new detection algorithm does not yet create sufficient 

usefulness for the farmer to ensure successful adoption in the Flemish dairy sector. However, 

as average herd sizes are still increasing, and many farms worldwide have higher average herd 

sizes, the system seems to be potentially useful on many farms. Therefore, future research 

should continue improving the system by increasing the detection performance and lowering 

the system cost. 

 

To increase the cost-efficiency and ease of implementation of the Gaitwise system, 

downscaling should be applied in practice to develop a new downscaled sensor. The existing 

issues concerning data collection should be addressed to allow for development of better 
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detection algorithms (cfr. Chapter 8). As measurements from walkover pressure mats are only 

a snapshot in time, integration of data obtained with pressure sensitive position mats with 

data derived from other sensor systems (e.g. activity data from accelerometers) could be 

useful to create better detection algorithms. As such, the previously mentioned holistic 

approach should be maintained to further develop the Gaitwise system into a viable, market-

ready automatic lameness detection system. 

 

9.1.3 AUTOMATIC LAMENESS DETECTION SYSTEMS AS PART OF A SUCCESFUL 

LAMENESS MANAGEMENT 

 

Similar to the holistic approach as needed for the development of automatic lameness 

detection systems, a holistic approach is necessary to successfully implement such systems on 

the farm. This holistic approach comprises the lameness management as a whole, combining 

preventive measures, lameness detection and treatment procedures with all other aspects 

related to the incidence and prevalence of lameness on the farm. However, not only lameness 

management should be accounted for, but also the farm management in general, as lameness 

management could be related to other farm management aspects (e.g. link between lameness 

and fertility). Successfully managing lameness on the farm hence requires a holistic farm 

management. 

 

One of the most important lameness management aspects is prevention. It could be argued 

that lameness should primordially be prevented instead of detected and treated, as this would 

simply prevent any economic losses or welfare deteriorations due to lameness. However, 

preventive measures also cost money to the farmer, implying that a holistic approach is 

necessary to evaluate them as a whole with respect to their economic implications and 

positive effect on lameness incidence. Currently, preventive claw trimming and footbaths are 

likely the most used preventive strategies to reduce lameness incidence on the farm, but may 

not always be applied sufficiently or correctly. Other preventive measures that reduce risk 

factors for lameness often require extensive barn adaptations and can be very costly. 

Examples are installing new, less slippery or less abrasive flooring in the barn or on pathways 

between barn and pasture, reducing excessive occupancy of the available cubicles, adapting 

cubicle size to current cow body proportions to make cows lay down more, installing 

automatic floor cleaning systems, etc. As these adaptations are costly, addressing risk factors 

for lameness may not always be possible due to budget restrictions. However, in a holistic 

management approach, such measures could also be beneficial for other management 

aspects. For example, several of the abovementioned measures may improve cow gait, 

potentially leading to cows showing estrus better or being more fertile due to reduced stress 

levels. Apart from this, more extensive preventive claw trimming or foot bathing could be 

performed to reduce lameness incidence, for example during dry-off and at a certain stage in 

the lactation. This approach implies that all cows are trimmed twice per lactation, which is 

likely unnecessary for some cows, causing costs without a clear benefit. Also, this way of 

working does not account for lameness cases taking place in-between those two trimmings, 
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which still have to be detected and treated. It will likely not be possible to prevent all lameness 

cases, as current preventive measures such as functional claw trimming and footbaths did not 

prevent the existing lameness problems (cfr. Chapter 2). As such, even when preventive 

measures are taken to reduce the incidence of lameness, lameness detection remains 

necessary. 

 

Lameness detection is hence a second important management aspect. Detection methods 

should be optimized to allow early treatment of lameness cases that could not be prevented. 

As visual lameness detection is rather problematic in practice, automatic systems could be 

helpful to improve lameness detection on the farm. From the presented work can be 

concluded that automatic lameness detection could be part of a cost-efficient lameness 

management in the future. However, to be useful, it is essential that automatic lameness 

detection is followed by prompt and correct treatment. Automatic detection systems may be 

less cost-efficient in case lameness only has to be detected sporadically due to a low incidence. 

However, from an animal welfare point of view, each (severely) lame cow should be detected 

and treated, which may not be possible without a tool to help detecting lame cows. The 

usefulness of automatic lameness detection systems also depends on whether one 

primordially wants to reduce lameness to reduce economic losses, or to reduce animal welfare 

deteriorations. In the latter case, an automatic lameness detection system does not need to 

be economically profitable. Nevertheless, cost-efficiency may be improved in case the used 

technology can be used for other health monitoring purposes as well. 

 

Besides prevention and detection, some other options could also be helpful to improve the 

lameness management. Cows’ claw health may be improved in the future by genetic selection 

towards cows that are less susceptible for lameness (van der Linde et al., 2010), thus 

preventing lameness by reducing the incidence. However, this is a lengthy process  (van der 

Waaij et al., 2005; Laursen et al., 2009) and preferences for other selection criteria such as 

high milk production may delay the progress. Even if claw health is improved in the future, 

some cows would still become lame, implying a continued need for lameness detection. 

Another approach is to better train farmers to perform gait scoring well, and hence improve 

their personal detection performance to be more comparable to that of experts. This requires 

cooperation and interest from farmers to actively get involved in training sessions, implying 

that many farmers may not be interested, or may not want to cooperate. Also, lack of time 

may still inhibit proper visual detection, leading to small or no improvements in the lameness 

status of the herd. On farms equipped with automatic milking systems, the farmer doesn’t see 

the cows two times a day during milking, as is the case in farms with conventional milking 

systems. on these farms, automatic lameness detection may be even more valuable. In 

practice, lameness is currently still a problem, and sector-wide changes to implement these 

measures may take a long time to establish. 

 

In conclusion, there will always be a need for lameness detection independent of the strategy 

used to prevent or treat lameness. However, implementation of an automatic lameness 

detection system on the farm should not be perceived as a stand-alone management 
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measure. The best way to effectively reduce the lameness problem in the dairy sector will 

most likely be found in a holistic approach combining all options mentioned above, but the 

optimal combination will likely differ from farm to farm. 

 

9.2 FUTURE PERSPECTIVES  

 

From the results of this PhD research, several suggestions for future research can be 

formulated, which are schematically summarized in a holistic approach in Figure 9.2. A trade-

off between such holistic approach and in-depth research should be searched to allow further 

development of automatic lameness detection systems into viable tools for the farmer, and 

to allow successful implementation in the lameness management on commercial dairy farms.  

 

The economic value calculation as presented in this thesis can be made more accurate by filing 

the knowledge gaps that hindered accurate estimations. Specifically, future research should 

investigate how much earlier a lameness case can be detected compared to what is common 

in practice and what added value can be gained from this. The dynamics between mild 

lameness and severe lameness should be taken into account to better incorporate the effect 

of detecting and treating mild lameness. To this end, research should focus on determining 

the best way to treat mild lameness after detection. The avoided lameness costs as a result of 

early detection and treatment should hence be estimated, and more detailed information 

concerning the lameness causing lesion should be included. Also, other costs of lameness that 

were not yet taken into account (e.g. costs for current detection) should be estimated and 

included in the calculation. The expected lifespan of the different systems should be defined, 

and ways to increase this lifespan cost-effectively could be explored. The maximum herd size 

to be monitored by a specific system should be determined, and costs of implementation of 

the system on existing farms should be estimated and accounted for.  

 

Preferences of farmers from other regions in the world could be assessed and compared to 

those of Flemish dairy farmers to find out whether regional differences exist. Further research 

could investigate farmers’ preferences concerning the design of the user interface for 

automatic detection systems, and which information should be presented to the farmer. This 

research has also indicated the necessity to increase farmers’ awareness on the lameness 

problem. As increasing farmer awareness may increase potential adoption rates, it would be 

interesting to define the best way to provide farmers with such awareness-increasing 

information. This requires collaboration from different stakeholders in order to inform 

farmers and bring about necessary changes in farmers’ management and attitudes. Therefore, 

different stakeholders involved in dairy production and processing, such as veterinarians, hoof 

trimmers, milk buyers and suppliers of feed, barn equipment and other services should help 

to realize such awareness increase. Also, governments could help to disseminate necessary 

information, or alter policy to reduce the lameness problem and increase cows’ welfare. 

Future research should also continue the search for better lameness detection algorithms by 

individual monitoring of the cow’s lameness status in time to increase the cost-efficiency of 
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automatic lameness detection systems. For this purpose, new variables that are useful for 

lameness detection could be searched for the different sensor systems. The cost and spatial 

requirements of the existing sensor systems should be reduced by downscaling the respective 

sensor systems where possible, but the effect of these actions on the lameness detection 

performance should be accounted for. Once performant detection algorithms have been 

developed, they should be incorporated in an online warning system aimed at providing the 

farmer with regular, automated updates on each cow’s lameness status. 

 

Last but not least, automatic detection should be complemented with other actions to reduce 

the current lameness problem. The beneficial effect of preventive measures and genetic 

improvements should be investigated. Such research should also include an economic analysis 

to clarify which options are most promising, or how they can best be combined, with or 

without automatic detection, to reduce lameness effectively and preserve farm profitability. 

Hence, a holistic approach to assess the best way to implement automatic lameness detection 

systems on the farm should be maintained. In addition, possibilities to combine automatic 

lameness detection with on the health monitoring systems should be assessed. 
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Figure 9.2. Schematic overview of the suggestions for future research. 
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