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Chapter

Aiming to Improve Dairy Cattle 
Welfare by Using Precision 
Technology to Track Lameness, 
Mastitis, Somatic Cell Count  
and Body Condition Score
Dinesh Chandra Rai and Vinod Bhateshwar

Abstract

Specific animal-based indicators that may be used to predict animal welfare 
have been at the basis of techniques for monitoring farm animal welfare, such as 
those developed by the Welfare Quality project. In addition, the use of technical 
instruments to accurately and immediately measure farm animal welfare is obvious. 
Precision livestock farming (PLF) has enhanced production, economic viability, and 
animal welfare in dairy farms by using technology instruments. Despite the fact that 
PLF was only recently adopted, the need for technical assistance on farms is getting 
more and more attention and has resulted in substantial scientific contributions in 
a wide range of fields within the dairy sector, with a focus on the health and welfare 
of cows. Among the most important animal-based indicators of dairy cow welfare 
are lameness, mastitis, somatic cell count and body condition, and this chapter aims 
to highlight the most recent advances in PLF in this area. Finally, a discussion is 
presented on the possibility of integrating the information obtained by PLF into a 
welfare assessment framework.

Keywords: animal welfare, behaviour, body condition score, dairy cattle, infrared 
thermography, lameness, mastitis, precision livestock farming, somatic cell count

1. Introduction

Animal welfare with several legislative initiatives from the late 1980s to the present 
day has long been considered a high priority within the European Union (EU) [1]. In 
addition, as part of a policy-oriented strategy to find methods to enhance animals’ 
lives, the EU has made major investments in research into the welfare of farm animals 
[2, 3]. For the improving the standard of animal welfare the important part is an 
animal observation. In this regard, attempts have been undertaken to investigate 
science-based welfare indicators as assessment methods [4, 5]. For example, the 
Welfare Quality® project contributed with protocols to assess animal welfare in 
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cattle, pigs, and poultry [6, 7]. A few years later, the AWIN® project developed 
indicators for animals not included in Welfare Quality®, including horses, donkeys, 
turkeys, sheep, and goats [8]. However, there are several practical problems in 
implementing these protocols, preventing them from having the greatest influence 
on farm animals’ quality of life [9–11]. However, the advancements made in precision 
livestock farming (PLF) during the past 20 years, with strong cooperation between 
engineering and livestock sector experts, have led to a considerable change in how 
animal welfare is assessed. PLF has developed rapidly in recent years, and animal 
welfare can be objectively assessed in real-time using a wide variety of indicators [12]. 
This analysis of welfare indicators is already achievable, and it is anticipated to make 
significant advancements for cattle production in the near future. Applying the most 
recent advancements in information, communication, and sensor technologies will 
be necessary to achieve this [13]. Through data from image, sound, and movement 
sensors coupled with algorithms, it is possible to monitor the welfare of cows, their 
production, and management techniques [14, 15]. At the moment, there is strong evi-
dence pointing to the feasibility of automatically monitoring and evaluating welfare 
with outputs that can be included into welfare protocols [12, 16, 17]. Furthermore, a 
suitable data presentation is required so that farmers embrace and use the technol-
ogy in PLF solutions effectively [18]. This chapter will examine PLF current work in 
assessing lameness, mastitis, and body condition, all of which are considered welfare 
indicators for dairy cows. This chapter also aimed to identify future opportunities 
for PLF solutions, such as automatically incorporating animal-based indicators into a 
dairy farm welfare framework, enabling for the establishment of superior welfare for 
the animals and value for the farmer.

2. Welfare of dairy cows and precision livestock farming

There are presently three methods for evaluating the welfare of dairy cattle, 
farmers ensuring responsible management in USA [19], the code in New Zealand 
[20], and welfare quality in Europe [21]. The latter approach has received significant 
criticism in a number of studies [22–24], which offered a number of recommenda-
tions for lowering the number of assessed parameters to get around the time- 
consuming observations, which is a limitation that prevents its normal deployment 
in dairy farms. Along with limiting the assessment processes, the scoring methodol-
ogy was also altered and made more flexible so that measures may be modified or 
added as considered appropriate [23]. According to Krueger et al. [25], another 
welfare evaluation system under development is the integrated diagnostic welfare 
system (IDWS). Because it uses technology to assist farms in evaluating animal 
welfare and identifying any reasons of poor welfare, this method may alleviate some 
of the problems of the other three systems. However, a significant quantity of data 
and records are required to document animal behaviour, health, and welfare condi-
tions; and the use of sensors and technology can assist in this situation (Figure 1) 
[26]. According to Knight [27], study on dairy cattle sensors has been very dynamic 
for detecting lameness, mastitis, and body condition, which will be the target of 
this work. Moreover, sensors are being used for a wide range of different purposes, 
including fertility (e.g., oestrus cycle and parturition), nutrition, health, and general 
management of dairy animals. As a result, the primary monitoring systems in dairy 
farms give complete information in several areas and demonstrate their appropriate-
ness and practicality for dairy farm implementation [26].
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2.1 Lameness

After mastitis and reproductive problems, lameness is the third leading cause of 
economic losses on dairy farms. Mastitis, metabolic problems, and decreased fertility 
are more common in lame cows [28]. Lameness in dairy cows can vary significantly 
in incidence and can appear weeks or even months after a metabolic disorder, making 
it difficult to determine the cause of the lameness [29]. Lameness is typically diag-
nosed at an advanced stage of the disease, when it is most seriously and expensively 
treated. An animal in such conditions may require several weeks to recover, costing 
dairy farmers a lot of time and money in the form of calls to the veterinarian, medi-
cation, and therapeutic interventions [30]. The dairy farmer’s time constraints are 
one element that contributes to the under-detection of lameness issues. Therefore, 
behaviour of the cows must thus be recorded using flexible and reasonably priced 
sensor-based devices in order to detect the beginning of lameness [31]. Treatment and 
prevention are important parts of lameness management. Improvements in walking 
surfaces, diet, and genetics are only a few of the factors that are connected to lame-
ness and may be managed through prevention. The farmer must first identify a cow 
as lame before treating it. There are typically three ways that this occurs. The first is 
performing a systematic evaluation of the herd using a locomotion scoring system 
[32]. The second is regular trimming of the hoofs. Legs are lifted here to be examined 
and, if necessary, treated [33]. The third and most typical method is casual observa-
tion while performing other operations, including herding. Unfortunately, mild and 
even moderate lameness cannot be detected through ad hoc detection. Automated 
lameness identification has the potential to fill in information gaps regarding the cow 
and herd, for cows that are mildly to moderately lame. The period from the onset 
of lameness to treatment might be shortened with earlier detection and automated 

Figure 1. 
Collars in dairy cows provide relevant data, save time, and give proper needed information.
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drafting, avoiding instances from becoming severe, hastening recovery, boosting 
productivity, and enhancing welfare [34]. In addition, lame cows tend to spend less 
time eating, with shorter bouts, and eat less during the day [35, 36]. Depending on the 
technology, the expenses of automated lameness identification may be too expensive. 
However, in order to improve the sensor detection performance and further improve 
the system for various physiological states like oestrus, illness, calving, or body condi-
tion score (BCS), it is required to go forward with the downscaling of the present 
systems [37]. A single accelerometer per cow is a particularly cost-effective technique, 
but there are still a number of barriers to overcome before this technology is widely 
used on farms. Schlageter-Tello et al. [38] state that most automated locomotion scor-
ing devices measure and analyse cows’ movement and behaviour parameters using 
sensors and mathematical algorithms in an attempt to mimic human observers. The 
employed technologies can be divided into three categories: kinetic (ground reaction 
force systems, force-scale weighing platforms, and kinetic variations of accelerome-
ters); kinematic (pressure plate/load cell solutions, image processing techniques, and 
activity-based techniques); and indirect methods, which primarily include behaviour 
technologies and individual cow milk production measuring technologies. Table 1 
summarises scientific efforts for detecting lameness in dairy cows using kinematic 
and kinetic techniques.

2.2 Mastitis

Mastitis is one of the most important disease affecting dairy cows. It leads to pain 
in contaminated animals and has been shown to be harmful to their welfare and 
the profitability of dairy farms on a worldwide scale [54, 55]. Since the adoption of 
robotic milking systems (Figure 2), dairy farmers have been concerned with develop-
ing adequate mastitis control strategies in their herds. The creation and application of 
control strategies that includes pre and post-milking teat immersion, proper milking 
practices, and the limited use of antibiotics in drying only in affected cows has led in 
a considerable drop in infectious microorganisms. However, when mastitis pathogens 
occurred, researchers tried to limit the use of antimicrobial drugs while protecting 
animal welfare and adhering to uniform standards for unnecessary usage. Thus, 
despite significant improvements in mastitis management over the previous decade, 
mastitis will continue to be a major focus of future studies [56].

Cost - effective monitoring of mastitis by automated technologies gives an ideal 
chance to carry out early therapeutic interventions and reduce antibiotic misuse, so 
boosting cow health and welfare, reducing discomfort and pain, improving recovery 
rates, and enhancing farm economic sustainability [57, 58]. Effective diagnostic 
techniques can speed up and improve the management of mastitis and encourage the 
proper use of antimicrobials [59]. It is also important to be able to properly evaluate 
the severity of clinical mastitis in terms of addressing treatment success [60] and 
adopt treatment safety protocols as needed.

2.3 Somatic cell count (SCC)

Health management is necessary for sustaining economical and sustainable dairy 
farming. The most common udder health indicator for dairy cows is somatic cell 
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Approach LS n Locomotion test 

layout

SE (%) SP (%) Accuracy 

(%)

Reference

Kinematic

Gaitwise 1–3 159 Alley 4.88 m long and 

0.61 m wide

76–90 86–100 [39]

Gaitwise 1–3 40 Active surface of 

4.88 m long and 0.61 m 

wide.

[40]

Gaitwise 1–3 36 Active surface of 

4.88 m long and 0.61 m 

wide

88 87 [41]

Kinetic

3D 

Accelerometer

1–5 12 + 36 13 m long and 1.3 m 

wide passageway

>60 [42]

Ground force 

reaction

1–5 610 Stepmetrix system 35 85 — [43]

Ground force 

reaction

1–5 83 Two parallel force 

plates

90 93 AUC = 0.98 [44]

Ground force 

reaction

1–5 105 Four-force plate-

balanced system

50–100 91–100 — [45]

Ground force 

reaction

1–5 261 Two parallel force 

plates cow walks over

100 100 AUC =  

0.70–0.99

[46]

Ground force 

reaction

1–5 346 Two parallel force 

plates cow walks over

52 89 [47]

Ground force 

reaction

6 Two parallel 

floor-plates loading 

platform–126 ×  

122 × 18 cm

91–97 [48]

Load cells and 

platform

1–5 57 Four force plates cow 

stands on

AUC =  

0.64–0.83

[49]

Load cells and 

platform

1–5 57 Four force plates cow 

stands on

AUC = 0.67 [50]

Load cells and 

platform

0–13 42 Platform with 4 

independent sealed 

load cells

75–97 60–90 AUC =  

0.84–0.87

[36]

Load cells and 

platform

1–5 73 Four force plates cow 

stands on

100 58 86–96 [51]

Motion sensor 10 Motion sensor attached 

hind left limb

74.2 91.6 91.1 [52]

Motion sensor 65 Dairy cow individual 

sensor

AUC = 0.71 [53]

LS, locomotion score; n, number of cows; SE, sensitivity  =  True Positive/(True Positive+False Negative)  ×  100; SP, 
Specificity = True Negative/(True Negative + False Positive) × 100; AUC, area under the curve.

Table 1. 
Summary of research findings for detecting lameness in dairy cows using kinematic and kinetic techniques.
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count (SCC), which is tested at the quarter, cow, and bulk tank levels. In automatic 
milking systems (AMS), completely automatic online analysis devices are available 
to monitor SCC at the farm during each milking [61]. Moreover, from the results of 
the online SCC, a number of additional cows and quarter level factors important for 
udder health are recorded in these systems [62]. The SCC may be used to monitor 
intramammary infection to some extent, and the industry has progressed toward 
inventing novel sensors that are specifically developed for udder health monitor-
ing. This provides a considerable increase in the quantity of data available for udder 
health management, for example, which may also use as phenotypes for breeding 
programmes. In addition to SCC measurements taken on a regular basis, a number of 
additional cow level and quarterly parameters judged important for udder health are 
recorded in the AMS at each milking [63].

2.4 Infrared thermography

Infrared thermography (IRT) is a non-invasive method that permits reliable tem-
perature assessment from a distance and has several applications in animal science 
[64, 65]. Early mastitis detection in dairy production has been achieved with the use 
of IRT. Despite its demonstrated ability to diagnose mastitis, manual animal analysis 
has limits because it is time-consuming and needed a trained examiner [66]. In order 
to discriminate between cows with normal and increased SCC, Zaninelli et al. [67] 
applied software that detected the udder thermogram pixel with the highest tempera-
ture. When compared to the current gold standard of manual evaluation, the findings 
of automatic analysis of the thermograms of bovine udders that had suffered intrama-
mmary E. coli exposure indicated encouraging signs of clinical mastitis. We assume 
that the high temperatures seen with manual analysis occurred because warmer areas, 
including the udder-thigh cleft, were included, whereas these regions are omitted by 
automatic segmentation [68]. This technique may also be used to identify changes in 

Figure 2. 
A schematic of a robotic milking facility in which dairy cows can decide the time and frequency of milking.
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internal body temperature, such as fever. However, infrared thermography should not 
take the place of an individual animal examination and is only intended to be used as 
a tool for automated health surveillance [69].

2.5 Body condition scoring

Body condition is an important factor for herd management and welfare. The 
dairy cow’s body condition is highly correlated with their health, metabolic activity, 
and the composition of the milk during lactation [70]. Assessment of body condition 
is an indirect measure of the level of body reserves, and deviations from show the 
overall variation in the energy balance [71, 72]. Regular measures of body condition 
are based on visual observation and palpation of particular body parts to provide a 
score that evaluates the adipose tissue and muscle mass deposits [73]. This evalua-
tion method, commonly referred to as the body condition score (BCS), has captured 
attention as a useful technique for managing dairy herds [74].

BCS observations can be done by visually or using a combination of visual signs 
with bone structure palpation, and the amount of subcutaneous fat. The backbone, 
pins, tail head, long ribs, short ribs, hips, and rump are the key segments for BCS 
assessment [75]. Different scoring scales have been developed all around the world 
throughout the years. In the United States, for example, a five-point scale method 
was mostly used, proposed by Windman et al. [76]. Ferguson et al. [77] suggested a 
scale of 0 to 5, subdivided into 0.25 centesimal intervals, to measure body condition, 
namely the adipose tissue of the cow’s lumbar and pelvic parts. Despite widespread 
agreement among dairy farmers, nutritionists, and herd management regarding the 
benefits of BCS assessment, various reasons restrict its adoption [78], subjectivity 
in judgement can result in different scores for the same cow, and on-farm technician 
training is difficult and time-consuming [79]. Furthermore, in order to obtain useful 
data, cow measurements must be recorded every 30 days across the lactation period 
[80], increasing the extra cost and difficulty of obtaining BCS data. To address these 
limitations, different alternatives solutions have been developed within the approach 
of the PLF, with extremely promising outcomes. The most innovative options use 
image capture and recording as vision-based body condition score systems, which 
resemble traditional BCS assessments in some ways. Ultrasound is another imag-
ing technique that has been used to determine body and carcass composition [81]. 
This approach is commonly used to monitor body condition in small ruminants 
[82, 83], swine [84], and cattle [85]. Recent studies [86, 87] demonstrated the util-
ity of applying ultrasound to examine the body reserves of cows by scanning the 
body areas associated with the BCS assessment, such as the ribs, pin, tail-head, and 
lumbar spine. Despite its excellent accuracy for BCS prediction, the cows must be 
individually confined to obtain the ultrasound pictures, making this technology less 
ideal for evaluating large numbers of animals over time. Therefore, larger farms with 
hundreds of animals should not use this method. In order to achieve a BCS evaluation 
of animals in motion, the ultrasonic technique is only used for timely analyses or the 
validation of other approaches, such as those supported by cameras [88, 89].

2.5.1 Vision-based body condition scoring systems

Currently, many vision-based BSC monitoring systems, including thermal imag-
ing [90], 2D imaging [91], and 3D imaging technology [92, 93], have been developed 
and tested. With examples like Fourier transformation [94] and machine learning 
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[95], data analysis techniques have been used to track the development of sensors, 
which boost the capability of working systems. There are still limitations to com-
pletely automated systems, despite the advancements that have previously been made. 
However, with the advancement of cameras and software, we are getting closer to 
an automated and objective BCS. The guesswork and errors associated with conven-
tional scoring are eliminated by vision-based approaches, while the efficiency may 
be significantly increased. These factors clearly act as the foundation for developing 
machinery that producers consider to be effective [96]. The study on measuring cow 
body condition score using 2D and 3D sensors is summarised in Table 2.

The Welfare Quality standards now incorporate BCS as an animal-based indicator 
connected to livestock feed [102]. Similarly to what is currently being done with other 
species (e.g., Eye Namic for Poultry and Swine [17]), by continuously monitoring 

Sensor N Sensor position Accuracy Accuracy within BCS 

points deviation (%)

Reference

0 0.25 0.5

2D Sensors

Black-and-white 2571 60 to 70 cm above 

the cows’ backs

93 100 [97]

AXIS 213 PTZ 286 3 m above ground Error = 0.31 [78]

Sony, DCR-TRV460 46 3 m above ground R2 = 90 [98]

Hikvision 

DS-2CD3T56DWD-I

8972 2.6 m the ground. 

Milking passage

R2 = 98.5 [75]

Hikvision 

DS-2CD3T56DWD-I

2231 Cows walk below 

the camera

65 95 [97]

3D Sensors

Mesa 3D ToF 40 Hand-held setup 79 100 [99]

SR4K time-of-flight 540 Above electronic 

feeding dispenser

R2 = 89 [100]

ToF MESA SR4000 1329 Above DeLaval 

AWS 100

R = 84 [101]

Asus Xtion Pro 82 2 m above ground R = 96 [102]

PrimeSense™ 

Carmine

116 1.5 m from the 

cows’ backs

71 94 [103]

Microsoft Kinect v2 1661 2.8 m above 

ground-milk 

parlour

40 78 94 [65]

Intel RealSense D435 480 3.2 m above ground 77 98 [100]

Microsoft Kinect v2 38 3 m above the 

ground

56 76 94 [93]

3D ToF 52 3.4 m above 

ground-rotary 

parlour

MAPE = 3.9 [101]

n, number of cows; ToF, time of flight; BCS, body condition score; R, correlation coefficient; R2, coefficient of 
determination; MAPE, mean absolute percentage error.

Table 2. 
Summary of study measuring cow body condition score with 2D and 3D sensors.
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health and welfare in real time, PLF technologies have shown to be a step forward in 
the individual assessment of cows [14, 103].

3.  The potential of PLF for assessing welfare animal-based indicators of 
dairy cattle

Because welfare is a complicated multi-dimensional phenomena, assessing the 
welfare of dairy cows and other farm animal species usually involves time-consuming 
and costly audits [102]. On the other hand, with recent advances in sensor technol-
ogy, the sole purpose of PLF, which is continuous real-time on-farm monitoring of 
individual animals to enhance production/breeding, health and welfare, and envi-
ronmental sustainability, is already being approached in different aspects of dairy 
cattle production [103]. As with the Welfare Quality® protocol, the implementation 
of dairy cow welfare evaluation has considerable constraints, as it is time-consuming 
[23] and lacks interaction with trained users on the value of various welfare criteria 
[104]. In addition to shortening the evaluation period, many researchers proposed 
changes to the calculations, such as the one described by Van Eerdenburg et al. [22] 
for drinking water. Furthermore, the welfare calculations required more adjustable 
techniques, mainly for the total score [23, 104]. As a result, the ability to use PLF 
solutions to assess the animal-based indicators of lameness, mastitis, and body condi-
tion presented in this review could well be much appreciated. Because of the recent 
development and validation of different PLF solutions, as shown by the discussed 
advances, it is now possible to address the three animal-based indicators listed by 
commercial PLF technologies. In addition, a recent review [13] noted that in order 
to properly use the continuous measurement and individual monitoring of cows, 
some of the protocol criteria would need to be modified. This modification can rely 
on animal-based welfare measures, such as those examined in this paper and oth-
ers, as explained by Tuyttens et al. [23], who reviewed the Welfare Quality Protocol 
and discovered a more user-friendly, time-efficient approach in assessing dairy 
cattle welfare with the inclusion of only six animal-based indicators. Various farm 
animal welfare frameworks, such the five domains model [101], will also have room. 
Researchers studying farm animal welfare are becoming more interested in the five 
domains model, and they are also discussing about the possibility of using the PLF 
with this model. With the advancement of PLF technologies, it is now unquestionably 
possible to monitor cow welfare in real time with the use of animal-based indicators. 
Therefore, based on recent scientific research and technological advancements (e.g., 
Stygar et al. [14]), significant PLF developments are assumed to occur soon, opening 
the window of opportunity for monitoring and improving the welfare of dairy cows.

4. Challenges for the future

Precision livestock farming is recognised as key for future dairy producers since 
it allows for regular monitoring of animal health and welfare during production. The 
advancement of applying technology for monitoring lameness, mastitis, and body 
condition in dairy cows is highlighted in this chapter. Accurate continuous monitoring 
systems that eliminate false alarms are required for farmers to accept and implement 
these technologies for these challenges, which have been identified as animal-based 
indicators. Therefore, a detailed early warning system is required to monitor the 
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health of dairy cows in order to prevent the development of more serious diseases 
and welfare issues. Finally, research into dairy cow welfare technologies has provided 
various indications that might be automatically monitored and integrated into an 
evaluation framework.

5. Conclusion

Farm animal welfare is an increasing problem all over the world. There is a con-
siderable need in milk production to analyses the welfare of dairy cows. The Welfare 
Quality project’s procedures have been used in one of the most sound assessment 
initiatives. These methods primarily assist in the examination of cow welfare using 
animal-based indicators. However, analysing these indications takes time and money, 
thus adopting precision livestock farming (PLF) technologies is a viable option that 
is becoming a reality in the dairy sector. This chapter discusses advancements in PLF 
solutions, generally in the previous 5 years, along with animal-based indicators of 
lameness, mastitis, and body condition in dairy cattle farming.

Conflicts of interest

The authors disclose that they have no conflicting interests.

Author details

Dinesh Chandra Rai* and Vinod Bhateshwar
Department of Dairy Science and Food Technology, Institute of Agricultural 
Sciences, Banaras Hindu University, Varanasi, Uttar Pradesh, India

*Address all correspondence to: dcrai@bhu.ac.in

© 2022 The Author(s). Licensee IntechOpen. This chapter is distributed under the terms of 
the Creative Commons Attribution License (http://creativecommons.org/licenses/by/3.0), 
which permits unrestricted use, distribution, and reproduction in any medium, provided 
the original work is properly cited. 



Aiming to Improve Dairy Cattle Welfare by Using Precision Technology to Track Lameness…
DOI: http://dx.doi.org/10.5772/intechopen.106847

11

References

[1] Broom DM. EU regulations and the 
current position of animal welfare. In: 
Ahmad BV, Moran D, D’Eath RB, editors. 
The Economics of Farm Animal Welfare: 
Theory, Evidence and Policy. Rome, Italy: 
CAB; 2020

[2] Buller H, Blokhuis H, Jensen P, 
Keeling L. Towards farm animal welfare 
and sustainability. Animals. 2018;8:81. 
DOI: 10.3390/ani8060081

[3] Phillips CJC, Molento CFM. Animal 
welfare centres: Are they useful for 
the improvement of animal welfare? 
Animals. 2020;10:877. DOI: 10.3390/
ani10050877

[4] Fraser D, Duncan IJ, Edwards S, 
Grandin T, Gregory NG, Guyonnet V, 
et al. General principles for the welfare 
of animals in production systems: The 
underlying science and its application. 
Veterinary Journal. 2013;198:19-27. 
DOI: 10.1016/j.tvjl.2013.06.028

[5] Blokhuis HJ, Veissier I, Miele M, 
Jones BC. The welfare quality® project 
and beyond: Safeguarding 
farm animal well-being. Acta 
Agriculturae Scandinavica, Section 
A - Animal Science. 2010;60:129-140. 
DOI: 10.1080/09064702.2010.523480

[6] Blokhuis HJ, Miele M, Veissier I,  
Jones B. Improving Farm Animal 
Welfare: Science and Society Working 
Together: The Welfare Quality Approach. 
Berlin/Heidelberg, Germany: Springer; 
2013. pp. 71-89

[7] Zanella A. AWIN - Animal health and 
welfare - FP7 project. Impact. 2016:15-17. 
DOI: 10.21820/23987073.2016.1.15

[8] Czycholl I, Kniese C, Schrader L, 
Krieter J. Assessment of the multi-criteria 

evaluation system of the welfare 
quality® protocol for growing pigs. 
Animals. 2017;11:1573-1580.  
DOI: 10.1017/S1751731117000210

[9] De Graaf S, Ampe B, Buijs S,  
Andreasen S, Roches ADBD, Van 
Eerdenburg F, et al. Sensitivity of the 
integrated welfare quality® scores to 
changing values of individual dairy 
cattle welfare measures. Animal Welfare. 
2018;27:157-166. DOI: 10.7120/09627286. 
27.2.157

[10] Rios HV, Waquil PD, De 
Carvalho PS, Norton T. How are 
information technologies addressing 
broiler welfare? A systematic review 
based on the welfare quality® 
assessment. Sustainability. 2020;12:1413. 
DOI: 10.3390/su12041413

[11] Larsen M, Wang M, Norton T. 
Information technologies for welfare 
monitoring in pigs and their relation 
to welfare quality®. Sustainability. 
2021;13:692. DOI: 10.3390/su13020692

[12] Molina FM, Marin CCP, Moreno LM, 
Buendia EIA, Marin DCP. Welfare 
quality® for dairy cows: Towards 
a sensor-based assessment. Journal 
of Dairy Research. 2020;87:28-33. 
DOI: 10.1017/S002202992000045X

[13] Stygar AH, Gomez Y, Berteselli GV, 
Costa ED, Canali E, Niemi JK, et al. 
A systematic review on commercially 
available and validated sensor technologies 
for welfare assessment of dairy cattle. 
Frontiers in Veterinary Science. 2021;8:177. 
DOI: 10.3389/fvets.2021.634338

[14] Qiao Y, Kong H, Clark C, Lomax S,  
Su D, Eiffert S, et al. Intelligent 
perception for cattle monitoring: A 
review for cattle identification, body 



Animal Welfare - New Insights

12

condition score evaluation, and weight 
estimation. Computers and Electronics 
in Agriculture. 2021;185:106143. 
DOI: 10.1016/j.compag.2021.106143

[15] Berckmans D, Hemeryck M,  
Berckmans D, Vranken E, van 
Waterschoot T. Animal sound talks! 
Realtime sound analysis for health 
monitoring in livestock. In: Proceedings of 
the International Symposium on Animal 
Environment & Welfare, Chongqing, 
China. Beijing, China: China Agriculture 
Press; 23-26 Oct 2015. pp. 215-222

[16] Buller H, Blokhuis H, Lokhorst K, 
Silberberg M, Veissier I. Animal welfare 
management in a digital world. Animals. 
2020;10:1779. DOI: 10.3390/ani10101779

[17] Van Hertem T, Rooijakkers L,  
Berckmans D, Fernández AP, Norton T,  
Vranken E. Appropriate data 
visualisation is key to precision livestock 
farming acceptance. Computers and 
Electronics in Agriculture. 2017;138:1-10. 
DOI: 10.1016/j.compag.2017.04.003

[18] FARM. Animal care reference 
manual version 4. National dairy FARM 
program. Available from: https://
nationaldairyfarm.com/wp-content/
uploads/2020/02/Animal-Care-V4-Manual-
Print-Friendly.pdf [Accessed: June 17, 2021]

[19] New Zealand national animal 
welfare advisory committee. Code of 
Welfare: Dairy Cattle. 2019. 57. Available 
from: https://www.mpi.govt.nz/
dmsdocument/37542/direct [Accessed: 
June 17, 2021]

[20] Welfare quality. Assessment 
protocol for cattle. Available from: 
http://www.welfarequalitynetwork.net/
network/45848/7/0/ 40 [Accessed: June 
17, 2021]

[21] Van Eerdenburg F, Di Giacinto A, 
Hulsen J, Snel B, Stegeman J. A new, 

practical animal welfare assessment for 
dairy farmers. Animals. 2021;11:881. 
DOI: 10.3390/ani11030881

[22] Tuyttens FAM, de Graaf S,  
Andreasen SN, Roches ADBD, van 
Eerdenburg FJCM, Haskell MJ, et al. 
Using expert elicitation to abridge the 
welfare quality® protocol for monitoring 
the most adverse dairy cattle welfare 
impairments. Frontiers in Veterinary 
Science. 2021;8:634470. DOI: 10.3389/
fvets.2021.634470

[23] Heath CAE, Browne WJ, Mullan S,  
Main DC. Navigating the iceberg: 
Reducing the number of parameters 
within the welfare quality® assessment 
protocol for dairy cows. Animal. 
2014;8:1978-1986. DOI: 10.1017/
S1751731114002018

[24] Krueger A, Cruickshank J, Trevisi E, 
Bionaz M. Systems for evaluation of 
welfare on dairy farms. Journal of Dairy 
Research. 2020;87:13-19. DOI: 10.1017/
S0022029920000461

[25] Lovarelli D, Bacenetti J, Guarino M.  
A review on dairy cattle farming: 
Is precision livestock farming the 
compromise for an environmental, 
economic and social sustainable 
production? Journal of Cleaner 
Production. 2020;262:121409. 
DOI: 10.1016/j.jclepro.2020.121409

[26] Knight CH. Review: Sensor 
techniques in ruminants: More 
than fitness trackers. Animal. 
2020;14:s187-s195. DOI: 10.1017/
S1751731119003276

[27] Heringstad B, Egger-Danner C, 
Charfeddine N, Pryce J, Stock K, Kofler J, 
et al. Invited review: Genetics and claw 
health: Opportunities to enhance claw 
health by genetic selection. Journal of 
Dairy Science. 2018;101:4801-4821. 
DOI: 10.3168/jds.2017-13531



Aiming to Improve Dairy Cattle Welfare by Using Precision Technology to Track Lameness…
DOI: http://dx.doi.org/10.5772/intechopen.106847

13

[28] Mineur A, Hammami H, Grelet C, 
Egger-Danner C, Solkner J, Gengler N. 
Short communication: Investigation 
of the temporal relationships 
between milk mid-infrared predicted 
biomarkers and lameness events in later 
lactation. Journal of Dairy Science. 
2020;103:4475-4482. DOI: 10.3168/
jds.2019-16826

[29] Taneja M, Byabazaire J, Jalodia N, 
Davy A, Olariu C, Malone P. Machine 
learning based fog computing assisted 
data-driven approach for early lameness 
detection in dairy cattle. Computers 
and Electronics in Agriculture. 
2020;171:105286. DOI: 10.1016/j.
compag.2020.105286

[30] Barker Z, Diosdado JV, Codling E,  
Bell N, Hodges H, Croft D, et al. Use 
of novel sensors combining local 
positioning and acceleration to measure 
feeding behavior differences associated 
with lameness in dairy cattle. Journal 
of Dairy Science. 2018;101:6310-6321. 
DOI: 10.3168/jds.2016-12172

[31] Van Nuffel A, Zwertvaegher I, 
Pluym L, Van Weyenberg S, Thorup VM, 
Pastell M, et al. Lameness detection in 
dairy cows: Part 1. How to distinguish 
between non-lame and lame cows based 
on differences in locomotion or behavior. 
Animals. 2015;5:387. DOI: 10.3390/
ani5030387

[32] Dolecheck K, Bewley J. Animal 
board invited review: Dairy cow 
lameness expenditures, losses and 
total cost. Animals. 2018;12:1462-1474. 
DOI: 10.1017/S1751731118000575

[33] Daros RR, Eriksson HK, Weary DM, 
Von Keyserlingk MA. The relationship 
between transition period diseases 
and lameness, feeding time, and body 
condition during the dry period. Journal 
of Dairy Science. 2020;103:649-665. 
DOI: 10.3168/jds.2019-16975

[34] Grimm K, Haidn B, Erhard M, 
Tremblay M, Dopfer D. New insights 
into the association between lameness, 
behavior, and performance in Simmental 
cows. Journal of Dairy Science. 
2019;102:2453-2468. DOI: 10.3168/
jds.2018-15035

[35] Nechanitzky K, Starke A, Vidondo B, 
Muller H, Reckardt M, Friedli K, et al. 
Analysis of behavioral changes in dairy 
cows associated with claw horn lesions. 
Journal of Dairy Science. 2016;99:2904-
2914. DOI: 10.3168/jds.2015-10109

[36] Van De Gucht T, Saeys W, Van 
Meensel J, Van Nuffel A, Vangeyte J, 
Lauwers L. Farm-specific economic 
value of automatic lameness detection 
systems in dairy cattle: From concepts to 
operational simulations. Journal of Dairy 
Science. 2018;101:637-648. DOI: 10.3168/
jds.2017-12867

[37] Schlageter-Tello A, Van Hertem T,  
Bokkers EAM, Viazzi S, Bahr C, 
Lokhorst K. Performance of human 
observers and an automatic 
3-dimensional computer-vision-
based locomotion scoring method to 
detect lameness and hoof lesions in 
dairy cows. Journal of Dairy Science. 
2018;101:6322-6335. DOI: 10.3168/
jds.2017-13768

[38] Van Nuffel A, Zwertvaegher I, Van 
Weyenberg S, Pastell M, Thorup VM, 
Bahr C, et al. Lameness detection 
in dairy cows: Part 2. Use of sensors 
to automatically register changes in 
locomotion or behavior. Animals. 
2015;5:388. DOI: 10.3390/ani5030388

[39] Maertens W, Vangeyte J, Baert J, 
Jantuan A, Mertens K, De Campeneere S, 
et al. Development of a real time cow 
gait tracking and analysing tool to assess 
lameness using a pressure sensitive 
walkway: The GAITWISE 
system. Biosystems Engineering. 



Animal Welfare - New Insights

14

2011;110:29-39. DOI: 10.1016/j.
biosystemseng.2011.06.003

[40] Van Nuffel A, Vangeyte J,  
Mertens KC, Pluym L,  
De Campeneere S, Saeys W, et al. 
Ex-ploration of measurement variation 
of gait variables for early lameness 
detection in cattle using the GAITWISE. 
Livestock Science. 2013;156:88-95. 
DOI: 10.1016/j.livsci.2013.06.013

[41] Chapinal N, De Passille MA, 
Pastell M, Hanninen L, Munksgaard L, 
Rushen J. Measurement of acceleration 
while walking as an automated 
method for gait assessment in dairy 
cattle. Journal of Dairy Science. 
2011;94:2895-2901. DOI: 10.3168/
jds.2010-3882

[42] Bicalho R, Cheong SH, Cramer G, 
Guard C. Association between a visual 
and an automated locomotion score in 
lactating Holstein cows. Journal of Dairy 
Science. 2007;90:3294-3300.  
DOI: 10.3168/jds.2007-0076

[43] Dunthorn J, Dyer RM, Neerchal NK,  
McHenry JS, Rajkondawar PG, 
Steingraber G, et al. Predictive models 
of lameness in dairy cows achieve high 
sensitivity and specificity with force 
measurements in three dimensions. 
Journal of Dairy Research. 2015;82:391-
399. DOI: 10.1017/S002202991500028X

[44] Ghotoorlar SM, Ghamsari SM,  
Nowrouzian I, Ghotoorlar SM, 
Ghidary SS. Lameness scoring system 
for dairy cows using force plates and 
artificial intelligence. Veterinary  
Record. 2012;170:126. DOI: 10.1136/
vr.100429

[45] Liu J, Neerchal N, Tasch U, 
Dyer R, Rajkondawar P. Enhancing the 
prediction accuracy of bovine lameness 
models through transformations of 
limb movement variables. Journal of 

Dairy Scencei. 2009;92:2539-2550. 
DOI: 10.3168/jds.2008-1301

[46] Liu J, Dyer RM, Neerchal NK, 
Tasch U, Rajkondawar PG. Diversity in 
the magnitude of hind limb unloading 
occurs with similar forms of lameness 
in dairy cows. Journal of Dairy 
Research. 2011;78:168-177. DOI: 10.1017/
S0022029911000057

[47] Rajkondawar PG, Tasch U,  
Lefcourt AM, Erez B, Dyer RM, 
Varner MA. A system for identifying 
lameness in dairy cattle. Applied 
Engineering in Agriculture. 2002;18:87

[48] Chapinal N, De Passille AM, 
Rushen J, Wagner S. Automated methods 
for detecting lameness and measuring 
analgesia in dairy cattle. Journal of 
Dairy Science. 2010;93:2007-2013. 
DOI: 10.3168/jds.2009-2803

[49] Chapinal N, Tucker C. Validation 
of an automated method to count steps 
while cows stand on a weighing platform 
and its application as a measure to detect 
lameness. Journal of Dairy Science. 
2012;95:6523-6528. DOI: 10.3168/
jds.2012-5742

[50] Pastell M, Kujala M. A probabilistic 
neural network model for lameness 
detection. Journal of Dairy Science. 
2007;90:2283-2292. DOI: 10.3168/
jds.2006-267

[51] Haladjian J, Haug J, Nuske S, 
Bruegge B. A wearable sensor system 
for lameness detection in dairy cattle. 
Multimodal Technologies and Interaction. 
2018;2:27. DOI: 10.3390/mti2020027

[52] Post C, Rietz C, Buscher W, Muller U. 
Using sensor data to detect lameness and 
mastitis treatment events in dairy cows: 
A comparison of classification models. 
Sensors. 2020;20:3863. DOI: 10.3390/
s20143863



Aiming to Improve Dairy Cattle Welfare by Using Precision Technology to Track Lameness…
DOI: http://dx.doi.org/10.5772/intechopen.106847

15

[53] Rollin E, Dhuyvetter KC, 
Overton MW. The cost of clinical 
mastitis in the first 30 days of lactation: 
An economic modeling tool. Preventive 
Veterinary Medicine. 2015;122:257-264. 
DOI: 10.1016/j.prevetmed.2015.11.006

[54] Puerto M, Shepley E, Cue R, 
Warner D, Dubuc J, Vasseur E. The 
hidden cost of disease: I. impact of the 
first incidence of mastitis on production 
and economic indicators of primiparous 
dairy cows. Journal of Dairy Science. 
2021;104:7932-7943. DOI: 10.3168/
jds.2020-19584

[55] Ruegg PL. A 100-year review: 
Mastitis detection, management, and 
prevention. Journal of Dairy Science. 
2017;100:10381-10397. DOI: 10.3168/
jds.2017-13023

[56] Kuipers A, Koops W, 
Wemmenhove H. Antibiotic use in 
dairy herds in the Netherlands from 
2005 to 2012. Journal of Dairy Science. 
2016;99:1632-1648. DOI: 10.3168/
jds.2014-8428

[57] Stevens M, Piepers S, Supre K, 
Dewulf J, De Vliegher S. Quantification 
of antimicrobial consumption in adult 
cattle on dairy herds in Flanders, 
Belgium, and associations with udder 
health, milk quality, and production 
performance. Journal of Dairy Science. 
2016;99:2118-2130. DOI: 10.3168/
jds.2015-10199

[58] Kromker V, Leimbach S. Mastitis 
treatment-reduction in antibiotic usage 
in dairy cows. Reproduction in Domestic 
Animals. 2017;52:21-29. DOI: 10.1111/
rda.13032

[59] Royster E, Wagner S. Treatment 
of mastitis in cattle. Veterinary Clinics 
of North America: Food Animal 
Practice. 2015;31:17-46. DOI: 10.1016/j.
cvfa.2014.11.010

[60] Sorensen L, Bjerring M, Lovendahl P. 
Monitoring individual cow udder health 
in automated milking systems using 
online somatic cell counts. Journal 
of Dairy Science. 2016;99:608-620. 
DOI: 10.3168/jds.2014-8823

[61] Norstebo H, Dalen G, Rachah A, 
Heringstad B, Whist AC, Nodtvedt A, 
et al. Factors associated with milking-to- 
milking variability in somatic cell 
counts from healthy cows in an 
automatic milking system. Preventive 
Veterinary Medicine. 2019;172:104786. 
DOI: 10.1016/j.prevetmed.2019.104786

[62] Hogeveen H, Kamphuis C, 
Steeneveld W, Mollenhorst H. Sensors 
and clinical mastitis—The quest for the 
perfect alert. Sensors. 2010;10:7991. 
DOI: 10.3390/s100907991

[63] Cook NJ. Review on the use of 
infrared thermography to monitor the 
health of intensively housed livestock. 
Journal of Animal Sciences and Livestock 
Production. 2021;5:002

[64] Naas IA, Garcia RG, Caldara FR. 
Infrared thermal image for assessing 
animal health and welfare. Journal of 
Animal Behaviour and Biometeorology. 
2014;2:66-72. DOI: 10.14269/2318-1265/
jabb.v2n3p66-72

[65] Watz S, Petzl W, Zerbe H, Rieger A, 
Glas A, Schroter W, et al. Technical 
note: Automatic evaluation of infrared 
thermal images by computerized 
active shape modeling of bovine 
udders challenged with Escherichia 
coli. Journal of Dairy Science. 
2019;102:4541-4545. DOI: 10.3168/
jds.2018-15761

[66] Zaninelli M, Redaelli V, Luzi F,  
Bronzo V, Mitchell M, Dell’Orto V,  
et al. First evaluation of infrared 
thermography as a tool for the 
monitoring of udder health status 



Animal Welfare - New Insights

16

in farms of dairy cows. Sensors. 
2018;18:862. DOI: 10.3390/s18030862

[67] Shecaira CL, Seino CH, 
Bombardelli JA, Reis GA, Fusada EJ, 
Azedo MR, et al. Using thermography 
as a diagnostic tool for omphalitis on 
newborn calves. Journal of Thermal 
Biology. 2018;71:209-211. DOI: 10.1016/j.
jtherbio.2017.11.014

[68] Huang X, Hu Z, Wang X, Yang X, 
Zhang J, Shi D. An improved single shot 
multibox detector method applied in 
body condition score for dairy cows. 
Animals. 2019;9:470. DOI: 10.3390/
ani9070470

[69] Roche JR, Dillon PG, Stockdale CJ,  
Baumgard LH, Van Baale MJ. 
Relationships among international 
body condition scoring systems. Journal 
of Dairy Science. 2004;87:3076-3079. 
DOI: 10.3168/jds.S0022-0302(04)73441-4

[70] Mahony NO, Campbell S, 
Carvalho A, Krpalkova L, Riordan D, 
Walsh J. 3D vision for precision dairy 
farming. IFAC- PapersOnLine. 
2019;52:312-317. DOI: 10.1016/j.
ifacol.2019.12.555

[71] Zieltjens P. A comparison of an 
automated body condition scoring 
system from de laval with manual, 
non-automated, method. 2020. Available 
from: http://dspace.library.uu.nl/
handle/1874/395372 [Accessed: June 26, 
2021]

[72] Waltner SS, McNamara JP, Hillers JK. 
Relationships of body condition score 
to production variables in high 
producing Holstein dairy cattle. Journal 
of Dairy Science. 1993;76:3410-3419. 
DOI: 10.3168/jds.S0022-0302(93)77679-1

[73] Wildman EE, Jones GM, Wagner PE, 
Boman RL, Troutt H, Lesch TN. A dairy 
cow body condition scoring system and 

its relationship to selected production 
characteristics. Journal of Dairy Science. 
1982;65:495-501. DOI: 10.3168/jds.
S0022-0302(82)82223-6

[74] Ferguson JD, Galligan DT, 
Thomsen N. Principal descriptors 
of body condition score in Holstein 
cows. Journal of Dairy Science. 
1994;77:2695-2703. DOI: 10.3168./jds.
S0022-0302(94)77212-X

[75] Azzaro G, Caccamo M, Ferguson JD, 
Battiato S, Farinella GM, Guarnera GC, 
et al. Objective estimation of body 
condition score by modeling cow body 
shape from digital images. Journal 
of Dairy Science. 2011;94:2126-2137. 
DOI: 10.3168/jds.2010-3467

[76] Hady P, Domecq J, Kaneene J.  
Frequency and precision of 
body condition scoring in dairy 
cattle. Journal of Dairy Science. 
1994;77:1543-1547. DOI: 10.3168/jds.
S0022-0302(94)77095-8

[77] Silva SR, Stouffer JR. Looking 
under the hide of animals. The 
history of ultrasound to assess carcass 
composition and meat quality in 
farm animals. Historia Cincia Ensino 
Construindo Interfaces. 2019;20:523-
535. DOI: 10.23925/2178-2911.2019v20e
spp523-535

[78] McGregor B. Relationships 
between live weight, body condition, 
dimensional and ultrasound scanning 
measurements and carcass attributes 
in adult Angora goats. Small Ruminant 
Research. 2017;147:8-17. DOI: 10.1016/j.
smallrumres.2016.11.014

[79] Afonso J, Guedes CM, Teixeira A, 
Santos V, Azevedo J, Silva SR. Using real-
time ultrasound for in vivo assessment 
of carcass and internal adipose depots 
of dairy sheep. Journal of Agricultural 
Science. 2019;157:650-658. DOI: 10.1017/
S0021859620000106



Aiming to Improve Dairy Cattle Welfare by Using Precision Technology to Track Lameness…
DOI: http://dx.doi.org/10.5772/intechopen.106847

17

[80] Knecht D, Srodomn S, Czyz K. Does 
the degree of fatness and muscularity 
determined by ultrasound method 
affect sows’ reproductive performance? 
Animals. 2020;10:794. DOI: 10.3390/
ani10050794

[81] Schroder UJ, Staufenbiel R. Invited 
review: Methods to determine body fat 
reserves in the dairy cow with special 
regard to ultrasonographic measurement 
of backfat thickness. Journal of Dairy 
Science. 2006;89:1-14. DOI: 10.3168/jds.
S0022-0302(06)72064-1

[82] Siachos N, Oikonomou G,  
Panousis N, Banos G, Arsenos G,  
Valergakis G. Association of body 
condition score with ultrasound 
measurements of backfat and 
longissimus dorsi muscle thickness in 
periparturient Holstein cows. Animals. 
2021;11:818. DOI: 10.3390/ani11030818

[83] Bunemann K, Von Soosten D,  
Frahm J, Kersten S, Meyer U, 
Hummel J, et al. Effects of body condition 
and concentrate proportion of the 
ration on mobilization of fat depots 
and energetic condition in dairy cows 
during early lactation based on ultrasonic 
measurements. Animals. 2019;9:131. DOI: 
10.3390/ani9040131

[84] Halachmi I, Klopc ic M, 
Polak P, Roberts DJ, Bewley JM. 
Automatic assessment of dairy cattle 
body condition score using thermal 
imaging. Computers and Electronics 
in Agriculture. 2013;99:35-40. 
DOI: 10.1016/j.compag.2013.08.012

[85] Zin TT, Tin P, Kobayashi I, Horii Y. An 
automatic estimation of dairy cow body 
condition score using analytic geometric 
image features. In: Proceedings of the 
2018 IEEE 7th Global Conference on 
Consumer Electronics (GCCE), Nara, 
Japan, 9-12 October 2018. Piscataway, NJ, 
USA: Institute of Electrical and Electronics 
Engineers (IEEE); 2018. pp. 775-776

[86] Bercovich A, Edan Y, Alchanatis V, 
Moallem U, Parmet Y, Honig H, et al. 
Development of an automatic cow body 
condition scoring using body shape 
signature and Fourier descriptors. 
Journal of Dairy Science. 2013;96:8047-
8059. DOI: 10.3168/jds.2013-6568

[87] Martins B, Mendes A, Silva L,  
Moreira T, Costa J, Rotta P, et al. 
Estimating body weight, body condition 
score, and type traits in dairy cows using 
three dimensional cameras and manual 
body measurements. Livestock Science. 
2020;236:104054. DOI: 10.1016/j.
livsci.2020.104054

[88] Liu D, He D, Norton T. Automatic 
estimation of dairy cattle body condition 
score from depth image using ensemble 
model. Biosystems Engineering. 
2020;194:16-27. DOI: 10.1016/j.
biosystemseng.2020.03.011

[89] Tedin R, Becerra JA, Duro RJ. 
Building the “automatic body condition 
assessment system” (ABiCA), an 
automatic body condition scoring system 
using active shape models and machine 
learning. In: Tweedale J, Jain L, editors. 
Advances in Intelligent Systems and 
Computing. Vol. 34. Berlin/Heidelberg, 
Germany: Springer Science and Business 
Media LLC; 2014. pp. 145-168

[90] Rutten C, Steeneveld W, Lansink AO, 
Hogeveen H. Delaying investments in 
sensor technology: The rationality of 
dairy farmers’ investment decisions 
illustrated within the framework of real 
options theory. Journal of Dairy Science. 
2018;101:7650-7660. DOI: 10.3168/
jds.2017-13358

[91] Bewley J, Peacock A, Lewis O,  
Boyce R, Roberts D, Coffey M, et al. 
Potential for estimation of body 
condition scores in dairy cattle from 
digital images. Journal of Dairy Science. 
2008;91:3439-3453. DOI: 10.3168/
jds.2007-0836



Animal Welfare - New Insights

18

[92] Silva SR, Cerqueira JOL, Guedes C, 
Santos V, Fontes I, Batista ACS, et al. 
Assessing body fat reserves of dairy cows 
by digital image analysis. In: Proceedings 
of the XVI Jornadas Sobre Produccion 
Animal. Zaragoza, Spain: Asociacion 
Interprofesional para el Desarrollo 
Agrario; 19-20 Mar 2015. pp. 111-113

[93] Krukowski M. Automatic 
determination of body condition 
score of dairy cows from 3D images. 
Available from: https://www.
semanticscholar.org/paper/Automatic-
Determination-of-Body-Condition-
Score-of/a9e1bddb0fdc862859b90d0 
3e20b34d4cfdf4b93?p2df [Accessed: June 
14, 2021]

[94] Salau J, Haas JH, Junge W, 
Bauer U, Harms J, Bieletzki S. Feasibility 
of automated body trait determination 
using the SR4K time-of-flight camera in 
cow barns. Springerplus. 2014;3:1-16. 
DOI: 10.1186/2193-1801-3-225

[95] Anglart D. Automatic estimation of 
body weight and body condition score in 
dairy cows using 3d imaging technique. 
2014. Available from: https://stud.
epsilon.slu.se/6355/1/anglart_d_140114.
pdf [Accessed: June 26, 2021]

[96] Fischer A, Luginbuhl T, Delattre L,  
Delouard J, Faverdin P. Rear shape in 3 
dimensions summarized by principal 
component analysis is a good predictor 
of body condition score in Holstein 
dairy cows. Journal of Dairy Science. 
2015;98:4465-4476. DOI: 10.3168/
jds.2014-8969

[97] Shelley AN. Incorporating machine 
vision in precision dairy farming 
technologies. 2016. Available from: https://
core.ac.uk/ download/pdf/232573054.pdf 
[Accessed: June 14, 2021]

[98] Alvarez JR, Arroqui M, Mangudo P, 
Toloza J, Jatip D, Rodríguez JM, et al. 
Body condition estimation on cows from 

depth images using convolutional neural 
networks. Computers and Electronics 
in Agriculture. 2018;155:12-22. 
DOI: 10.3390/agronomy9020090

[99] Yukun S, Pengju H, Yujie W, Ziqi C, 
Yang L, Baisheng D, et al. Automatic 
monitoring system for individual 
dairy cows based on a deep learning 
framework that provides identification 
via body parts and estimation of body 
condition score. Journal of Dairy Science. 
2019;102:10140-10151. DOI: 10.3168/
jds.2018-16164

[100] Zin TT, Seint PT, Tin P, Horii Y,  
Kobayashi I. Body condition score 
estimation based on regression 
analysis using a 3D camera. Sensors. 
2020;20:3705. DOI: 10.3390/s20133705

[101] Kooij EVE-VD. Using precision 
farming to improve animal welfare. Cab 
reviews: Perspectives in agriculture, 
veterinary science, nutrition and natural. 
Resources. 2020;15:1-10. DOI: 10.1079/
PAVSNNR202015051

[102] Berckmans D. General introduction 
to precision livestock farming. Animal 
Frontiers. 2017;7:6-11. DOI: 10.2527/
af.2017.0102

[103] De Graaf S, Ampe B, Winckler C, 
Radeski M, Mounier L, Kirchner MK, 
et al. Trained-user opinion about 
welfare quality measures and integrated 
scoring of dairy cattle welfare. Journal 
of Dairy Science. 2017;100:6376-6388. 
DOI: 10.3168/jds.2016-12255

[104] Schillings J, Bennett R, Rose DC. 
Exploring the potential of precision 
livestock farming technologies to help 
address farm animal welfare. Frontiers 
in Animal Science. 2021;2:639678. 
DOI: 10.3389/fanim.2021.639678


