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Mullins et al. (2019) compared the notes given by the BCS DeLaval device to conventional manual 
scoring. They concluded that automated BCS technology was highly correlated with manual scoring, 
accurate for a BCS between 3.0 and 3.75, with a lower error rate compared to the standard detection 
threshold of 0.25 for manual scoring. But the system was found to inaccurate at determining under- 
and over-conditioned cattle compared to manual scoring. Clouet and Porhiel (2020) noticed similar 
results in a herd were cows had on average low condition score: the automated BCS technology 
gave a 1.5 points higher value on average during lactation. Zieltjens (2020) also concluded that 
the DeLaval system scores BCS on average 0.3 higher in comparison with the manual BCS. The 
BCS of cows high in condition was scored lower by the automated system in comparison with the 
BCS measured manually. Similarly, the cows low in condition were scored higher in BCS by the 
automated system.

Figure 19.11. Two examples of BCS analysis devices available to commercial farms: (A) BodyMat from Ingenera; 
and (B) BCS by DeLaval.
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Finally, O’Leary et al. (2020) used the BodyMat F to automatically determined BCS and compare 
measurements to manual values. They were lower for extreme values, particularly in over-
conditioned cows but the BodyMat F outperformed human assessors in terms of reproducibility.

All these results indicated that these tools are of interest but probably need further developments 
and as explained earlier, though, the performance and precision of any equipment will need to be 
carefully studied by users/buyers prior to purchase.

19.4.4 Lameness and behaviour

In recent years, there has also been increased attention paid to the use of 3D cameras for the detection 
of lameness. Lameness can be detected either through analysis of an animal’s posture or analysis of 
its locomotion (Figure 19.12).

Viazzi et al. (2014) compared the use of 2D and 3D cameras in evaluating the back and leg posture 
of dairy cows, and automatically classified cows as lame or not. Depth values were obtained using an 
infrared projector that emitted a light pattern on the animal. The IR sensor detected the reflected light 
pattern, analysed the distortion, and produced an image. The device’s main limitation – its known 
sensitivity to light – was overcome by performing the measurements at night. Images (both 2D and 
3D) were trained and tested with respect to a visual score of lameness calculated by a trained scorer 
(repeatability of 85.6±3, kappa coefficient of 0.64). The 2D algorithm performed slightly better in 
external validation (1-2% higher accuracy) than the 3D algorithm. However, 2D imaging appeared 
to be less adaptable to farming conditions than 3D imaging, because the 2D method was more 
susceptible to possible bias due to, e.g. shadows. The methodology of Van Hertem et al. (2014) used 
3D imaging at night with the Microsoft Kinect camera to automatically classify cows as lame or not; 
this approach matched the classifications by expert evaluators 81.2% of the time. For applications 
in the field, in 2018 the company dsp-Agrosoft (Germany) developed a commercial device called 

Figure 19.12. Lameness detection in dairy cows, using (A) analysis of posture (Sprecher et al., 1997; Zinpro, 2021) 
or (B) analysis of locomotion (Gardenier et al., 2018).

A B



Gall
ey

pro
of

350	 Practical Precision Livestock Farming

Y. Le Cozler et al.

CBS-system to determine lameness and BCS in cows (Figure 19.13). As stated above regarding BCS, 
though, the performance and precision of such equipment need to be carefully evaluated prior to 
purchase.

19.4.5 Carcass composition

In the 3D imaging of live animals, more attention has been paid to dairy cattle than to beef cattle. In 
the limited amount of research that has been conducted in beef cattle, efforts have tended to focus on 
applications of 3D imaging technologies to the estimation of carcass traits. For example, Gomes et 
al. (2016) investigated the correlations between measurements taken by a Microsoft Kinect camera 
and yield-related traits. The camera was held in a fixed position 2.95 m from the floor, and 20-s 
videos were taken of the top of a cattle chute. Recordings were made of 25 Black Angus bulls and 15 
Nellore bulls at night, with no artificial light in order to avoid problems with lighting and shadow 
(see above). Images of the back of animals were manually selected directly from the video and used 
to measure morphological traits related to BW, hot carcass weight, carcass chemical composition, 
and empty body chemical composition. Overall, good relationships were found between the traits 
characterised in the images and actual BW or hot carcass weight, with R2 values of 0.84 and 0.83, 
and root mean square errors (RMSE) of 19.4 and 15.4 kg, respectively. However, the correlation 
between the morphological traits and the proportion of empty body fat was weak (R2=0.43-0.45). 
Similarly, Miller et al. (2019) estimated BW, cold carcass weight, and saleable meat yield using 3D 
imaging focussed on the area between the pins and the shoulders. Data from a large and diverse set 
of finishing beef cattle were split into two subsets (calibration: 70% of observations; validation: 30%) 
and analysed with an artificial neural network (R2 of 0.70, 0.88, and 0.72, and RMSE of 42 kg, 14 
kg, and 14%, respectively). Images were taken both during the day and at night, but problems with 
image quality were noted during the day due to strong and direct sunlight. Images were subjected to 
automatic analyses that extracted measurements, ratios, areas, and volumes. Carcass conformation 
and fat classes were also estimated from morphological traits, but there were numerous cases of 
misattribution between classes.

Figure 19.13. Example of images obtained from the cow body scan (CBS) device developed by dsp-Agrosoft 
GmbH. Top pictures: determination of BCS and bottom pictures: detection of lameness.
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Recently, an attempt was made to use the Morpho3D device to estimate the empty body chemical 
composition of dairy goats (Lerch et al., 2020). Unfortunately, whole body surface area and 
volume measurements recorded by 3D imaging failed to accurately estimate the body chemical 
composition of goats (R2 values were all below 0.43). This low performance may have been due 
to the relative size of the 3D scanning equipment compared to the target animals; the apparatus 
was originally built for adult cows, and was not adapted for use on small ruminants. Those results 
highlighted the importance of ensuring that the 3D scanner is appropriately sized with respect to 
the targeted animal. An ongoing project aims to perform similar body and carcass estimates on 
crossbred heifers, bulls, and steers (Xavier et al., unpublished data). The novelty of this work is that 
whole body 3D images of live, growing cattle are being acquired not only for estimates of chemical 
and anatomical empty body and carcass compositions, but also for the dynamic estimation of 
growth and its effect on these parameters. Currently, these types of measurements are obtained 
using calibration against reference body composition as measured after slaughter (dissection, 
grinding, and chemical analyses; Figure 19.14).

Figure 19.14. The use of 3D technology to estimate carcass composition (photo credits: Agroscope).
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19.5 New and promising applications of 3D imaging

19.5.1 Surface of entire animals

An animal’s volume can be used to determine its body weight, but using surface area for this purpose 
is of less interest (Le Cozler et al., 2019b). But measurements of surface area are commonly used to 
determine maintenance requirements based on body weight; the equations used for these calculations 
have been relatively unchanged for almost a century and are similar to those published by Elting 
(1926). However, it must be noted that bodyweight, because it is the sum of several components, is 
not an exact representation of an animal’s size and/or fattening status. Measurements of surface area 
can also be useful in considering issues related to heat dissipation. For instance, the ratio between 
surface area and volume is known to be a good predictor of the capacity to dissipate heat. This 
ratio usually decreases as weight increases, almost linearly in adult cows (Figure 19.15), but not in 
growing heifers. One might thus expect that the heaviest or higher-parity cows would be the most 
sensitive to heat stress, and indeed, Bernabucci et al. (2014) reported that higher-parity Holstein 
cows were more susceptible to heat stress than primiparous cows. The Holstein breed is known to 
have low genetic diversity and may thus be especially susceptible to stress. The use of 3D imaging to 
calculate surface areas could be used to tackle the issue of heat stress resistance in dairy cows.

In practice, it is almost impossible to accurately measure the surface area of living animals, but it 
can be estimated using a measuring tape and indirect approaches (Cutullic and Flury, 2011). Such 
indirect methods are less precise, time consuming, and also dangerous, because they require the 
handling of animals. The use of 3D imaging for this purpose has already yielded insights into bovine 
growth that run counter to commonly held assumptions. For example, in the formulation of most 
nutrition recommendations for cows (INRA, 2018; NRC, 2001), full adult size is thought to be 
achieved at the end of the first lactation. However, the use of 3D imaging technologies has revealed 
that this assumption may be inappropriate, as we observed that surface area and other morphological 
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Figure 19.15. Relationship between the surface-to-volume ratio and body weight in (A) 16 lactating adult Holstein 
cows and (B) 5 growing Holstein heifers (preliminary results, unpublished).
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traits continued to increase for cows in their third (or higher) lactation (Figure 19.16; Xavier et al., 
2022). With more-precise information on both the development of surface area and growth traits, 
it will be possible to improve estimations of individual maintenance and growth requirements and 
therefore to more precisely adapt feed allowances to individual requirements.

In the future, improvements in the measuring process could also facilitate the use of surface area for 
estimations of co-products such as wool and leather from living animals.

19.5.2 Volume of animals

Recently, Lebreton et al. (2020) explored how 3D imaging technologies could be used to estimate 
changes in volume of a dairy cow’s rumen (Figure 19.17). When combined with the ability of such 
technologies to also estimate individual feed intake (see Section 19.5.3), this could provide a new 
way to characterise and select for feed efficiency in cows (see Deffilait project results at http://www.
deffilait.fr/). Indeed, this study highlighted that rumen volume and feed intake may be key indicators 
in characterising feed efficiency.

19.5.3 Feed intake

Three-dimensional imaging can also be used to estimate feed intake, and more particularly, individual 
feed intake (Bezen et al., 2020; Shelley et al., 2016). Feed is the most significant cost on dairy farms, 
which explains why improving feed efficiency is an important target for both researchers and farmers. 
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Figure 19.16. Changes in surface area, volume, and live weight of dairy cows, according to age and lactation rank 
(Xavier et al., 2022).

http://www.deffilait.fr/
http://www.deffilait.fr/


Gall
ey

pro
of

354	 Practical Precision Livestock Farming

Y. Le Cozler et al.

Ruminants are usually fed in groups, but more and more attention is being paid to individual feed 
intake (Halachmi et al., 2016; Holtenius et al., 2018), which, in combination with milk production, 
milk composition, and body weight, can be used to estimate individual feed efficiency. Automatic 
monitoring of individual feed intake requires expensive facilities and can be time-consuming; this 
approach is therefore only available in some research facilities. For on-farm use, instead, computer 
vision systems have been developed to measure feed intake (Bloch et al., 2019; Shelley, 2013; Shelley 
et al., 2016), most of which are based on a linear correlation between image features, e.g. the volume 
of a feed heap, and the heap’s actual weight. As for BCS, however, the interference of sunlight with 
the cameras’ infrared sensor can impede the system’s functioning (Borchersen et al., 2018; Shelley et 
al., 2016). It should be noted that the estimation of individual feed intake also requires the individual 
identification of animals, with, for example, video facial recognition or the installation of RFID 
antennas at the feeding area, which are too expensive for many farmers. For example, Bezen et al. 
(2020) developed a machine vision system that performed both tasks: monitoring individual feed 
intake and identifying individual cows. Further refinements are necessary, as only 93.6% of cows 
were correctly identified in the feeding lane, but the system serves as a proof of concept for the use 
of reliable, low-cost cameras in the measurement of individual feed intake on dairy farms, in open 
cowshed conditions. Although a similar tool is not yet commercially available, initial results confirm 
the potential of 3D imaging technology used together with electronic identification.

19.5.4 Continuous recording and analysis

Applications related to BCS

Depending on the intended use of BCS data, different aspects of a BCS recording system may be 
prioritised. For the purposes of genetic analysis or selection, accuracy is crucial. Instead, in the 
context of monitoring BCS to prevent metabolic or fertility issues, the focus is on repeatability 

V
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Figure 19.17. The use of 3D imaging technology to study changes in rumen volume: (A) definition of abdominal 
volume (highlighted in light grey; according to Depuille, 2018) as the volume between 2 orthogonal planes (P1 and 
P2); (B) abdominal volume before (left) and after drenching (right; according to Lebreton et al., 2020).
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and speed, i.e. automation. To this end, several technologies have been developed to estimate BCS 
quickly and repeatedly (Table 19.1). Most of these devices have been developed under specific 
housing conditions and for certain breeds, and therefore must be validated under farm conditions 
before their potential deployment. Daily or more frequent BCS recording might be possible on some 
cows using BodyMat technology, but the DeLaval system probably requires extensive calibration 
for most breeds and farming systems (unless the device is able to use machine learning technology 
to perform the process; see above). Recently, Faverdin et al. (unpublished data) adapted ‘one shot’ 
camera technology (similar to Asus Xtion Pro camera) to avoid low-quality images (in most 
cases, fuzzy images caused by animal movement); this represented an improvement of the device 
developed by Fischer et al. (2015), which required a scanning process. In this new prototype, the 
camera was mounted on a rotary milking system. As in Fischer et al. (2015), they focussed on the 
rump of cows. The 3D Three-dimensional images were taken twice a day, at each milking. Although 
the overall image quality of the ‘one shot’ system was lower than that of the scanning process, this 
could be offset by the potential for high-throughput monitoring of BCS.

To date, BCS has been used on commercial farms as an indicator in determining dry-off period, calving 
condition, and time of insemination. Indeed, farmers and advisors often use specific target values 
for BCS at different times of an animal’s career to prevent health or reproductive issues. In general, 
guidelines about when and how often an animal should be scored have been largely determined by the 
logistical limitations of the process (time, cost); currently, scoring can be performed once or twice a 
month, but rarely occurs more than a few times in total for any given animal. The use of 3D imaging 
to estimate BCS opens the door to high-throughput BCS monitoring and therefore enables new 
applications, particularly in the fields of animal nutrition, metabolic diseases, and reproduction. As 
mentioned earlier, a change in body reserves plays an important role in fertility performance, health 
issues (such as ketosis or lameness), and growth. One possible application of 3D imaging could be the 
monitoring of energy balance, and more particularly changes in energy balance, which can be used to 
predict changes in body reserves. For example, through the use of high-throughput monitoring, the 
device developed by Faverdin et al. (unpublished data) estimates BCS in dairy cattle accurately enough 
to enable investigations of the relationship between BCS and net energy balance (Figure 19.18).

Because of the close relationship between changes in cumulative energy balance and changes in 
BCS, high-throughput/continuous monitoring of BCS is of great interest, and a significant amount 
of research is currently focussed on how to make this type of system more accessible. As an example, 
new algorithms are being developed for continuous analysis of BCS, which could be used, for 
example, as a tool to rapidly correct and adapt feeding strategies (Figure 19.19).

A promising example of one-shot technology on a full animal

To ensure their flexibility and overall utility, future systems must be able to fulfil multiple, diverse 
objectives, with little maintenance. For example, an automated system placed in an area through 
which all animals must pass daily (e.g. entrance of the milking parlour or a corridor) would be able 
to measure, frequently and automatically, multiple phenotypes (BW, surface areas, volumes, BCS, 
meat content of carcasses), to detect and/or predict disturbances (e.g. lameness, weight variations), 
or even to perform new diagnosis (e.g. gestation). Imaging based on a one-shot approach appears 
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to be a promising tool for such purposes and could be used in the near future on commercial farms. 

Figure 19.18. Two technologies developed on experimental farms to monitor BCS: (A) an Xtion PRO Live motion 
sensor with scanning process (Fischer et al., 2015) and (B) Asus Xtion Pro sensor that captures one-shot 3D 
images. On the bottom (C)t, the associated 3D images (Credit INRAE).
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Compared to 3D scanners, such as Morpho3D, the one-shot approach is less sensitive to light and 
distortions caused by animal movement, and is able to acquire many images in a shorter amount 
of time. Generally speaking, image quality is not as good as with scanners, but is typically high 
enough to reach the required resolution. A comparison of images taken of a plastic model cow by 
the original Morpho3D scanner and the one-shot device indicated only minor differences, even 
before the one-shot device was optimised (Table 19.3).

From this complete 3D image, which is obtained instantaneously, it will soon be possible to 
investigate the acquisition of only certain parts of the body (partial 3D images), which could then be 
used as proxies for other analyses.

Automation of extraction and analysis

Regardless of the type of information desired (Section 19.4), the first step is to extract geometric 
features from the data. This can be accomplished automatically or manually, with features that are 
pre-defined or not. The nature of the targeted application – in the field or for research purposes – 
will also influence the expected degree of automation. If a large-enough database of labelled data 

Table 19.3. Preliminary comparison of several morphological traits calculated for a plastic model cow with two 3D 
imaging technologies that deliver whole-body 3D images of live animals: a technology based on a scanning device 
(Morpho3D) and a technology based on a one-shot approach (Deffilait).1

Device Morpho 3D Deffilait

Hip width Average, mm 394.6 391.3
SD, mm 3.5 8.5
CV, % 0.9 2.2

Wither height Average, mm 1,272 1,238
SD, mm 3.2 8.2
CV, % 0.3 0.7

Volume Average, m3 0.521 0.539
SD, m3 0.043 0.048
CV, % 0.8 0.1

Surface Average, m2 5.62 5.94
SD, m2 0.16 0.11
CV, % 2.9 0.2

1 SD = standard deviation; CV = coefficient of variation.
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is available, automatic extraction can rely on a robust geometric algorithm in addition to machine 
learning techniques. However, pre-defined feature extraction can be avoided by transforming the 
shape directly into the desired variable. In 2D imaging approaches, this can be achieved with a 
convolutional neural network (CNN; see below), as in, for example, the identification of cows based 
on their skin patterns (Zin, 2018). A dataset that includes both the image and its associated target 
variable is used to train the neural network. If the training is successful, the network can be used to 
create measurements from new data. The network defines its own features, which are by definition 
unknown to users, although. It is possible to check a posteriori which features were selected in the 
optimisation process.

In recent years, computer vision and deep learning (a subset of machine learning) methods have 
undergone considerable development and are increasingly widespread in the field of agricultural 
data analysis (Espejo-Garcia et al., 2019; Kamilaris and Prenafeta-Boldu, 2018) and livestock 
production (Bezen et al., 2020). In particular, CNNs have become increasingly common in detection, 
classification, recognition, and tracing, thanks to improvements in the computational capabilities of 
graphics processing units (Tsai et al., 2018) and to the increasing amounts of data available (Zhang 
et al., 2018). Indeed, CNNs are able to learn a huge number of parameters, but require large amounts 
of data. CNNs follow the biological principle of replicating patterns in order to identify them in 
different locations (see Rawat and Wang, 2017 for details). However, according to these authors, the 
use of CNNs can easily lead to overfitting, regardless of the size of the training set used, which can 
affect the model’s ability to generalise on new data. The easiest and most common method to reduce 
overfitting is data augmentation (cross-validation). To check the robustness of this approach, it is 
not uncommon to introduce voluntary errors.

When it comes to 3D methods, the learning process will depend on the type of data: CNNs can 
still be used on depth maps, for example, but are unsuited for unordered point clouds (although 
networks for point clouds are emerging, e.g. (PointNet). Another approach is to provide the learning 
algorithm a normalised representation of the 3D data. In an experiment by Fischer et al. (2015), 
body condition scores calculated by three experts were compared using principal component 
analysis (PCA) to BCS values generated from 3D images. Specifically, each 3D image was projected 
onto a new reference plot, whose axes were defined as the principal components of the PCA. The 
coordinates on this PCA-reference were then used in a linear regression to predict the BCS. An 
analysis of the reproducibility and repeatability of the method revealed that the 3D-BCS was three 
times more repeatable than the manually derived BCS.

19.6 Conclusions

The interest in and use of 3D imaging technology in livestock production is steadily increasing, 
especially for large animals such as dairy and beef cattle. These technologies decrease the occurrence 
of stressful situations that would affect the ‘normal’ behaviour of the animal and can provide access to 
physical measurements that can be repeatedly obtained from a large number of individuals without 
any safety risk to the human operator. The sensors required are gradually becoming less expensive, 
more resistant to extreme conditions on-farm (e.g. temperature, humidity, dust, direct light), and 
do not require regular calibration. The information that can be gained from such technology is no 



Gall
ey

pro
of

Chapter 19 – 3D imaging technology in ruminants

Practical Precision Livestock Farming	 359

doubt of interest for most ruminant farms, regardless of the size or mode of production. However, 
more work is still needed to automate the treatment and analysis of images. Three-dimensional 
imaging is also of interest for other species, with ongoing tests in ewes and horses.

It is too early to tell what the possible consequences of the information gained from this technology 
might be in terms of labour conditions, the mental load of farmers, or benefits to animal husbandry. 
The number of indicators that will be available for use in livestock production systems (e.g. BCS, 
body weight, ingestion capacity) will surely increase, along with the frequency of data collection. 
Indeed, up to now, many indicators have been used in only a limited way because of the logistical 
challenges of data collection. The availability of high-throughput monitoring these phenotypes 
opens new applications for research and in the field, many of which remain to be discovered. In 
particular, important work remains to be done with respect to reflection on the use of these data, the 
advice to give to breeders, and the training of farmers.

19.7 From science to practice: perspectives

The practical implementation of 3D imaging technologies on commercial farms will probably 
require some barn adaptations and investments, which would be similar to the adaptations required 
to install a milking robot. Dedicated areas may be necessary, in particular for full-body 3D images, 
due to potential minimum distance requirements between the object and the camera. In some cases, 
it is possible that images of a single part of the animal may be able to serve as an informative proxy 
for full-body data. For example, the volume or surface area of an animal can be estimated with high 
precision from a truncated image, such as that obtained from an animal whose head is restrained 
(Le Cozler et al., 2019b). The use of machine learning will probably help to identify new body 
areas or new traits of interest. However, even if most technical and technological obstacles have 
been removed (or will soon be removed), the use of this technology is still hindered by limitations 
associated with data transfer and storage capacity, the kind of information stored, data analysis, and 
the ability to generate relevant feedback in real time. Large-scale deployment of this technology will 
also necessitate training for farmers and consultants who lack computer skills. The real challenge for 
the future will lie in our ability to combine all of the data generated on a farm by all available sensors 
in a useful and informative way.

References

Aalseth, E.P., Adams, G.D., Bush, L.J. and Jones, K., 1983. A system for evaluating the body condition of dairy cows. 
Oklahoma Agricultural Experimental Station, Animal Science Research Report, Oklahoma State University, 
Stillwater, OK, pp. 261-265.

Abdul Jabbar, K., Hansen, M.F., Smith, M.L. and Smith L.N., 2017. Early and non-intrusive lameness detection in dairy 
cows using 3-dimensional video. Biosystems Engineering 153: 63‑69.

Anglart, D., 2010. Automatic estimation of body weight and body condition score in dairy cows using 3D imaging 
technique. MSc-thesis, Swedish University of Agricultural Sciences, Faculty of Veterinary Medicine and Animal 
Science, Uppsala, Sweden.

Banos, G., Coffey, M.P. and Brotherstone, S., 2005. Modeling daily energy balance of dairy cows in the first three 
lactations. Journal of Dairy Science 88: 2226-2237.



Gall
ey

pro
of

360	 Practical Precision Livestock Farming

Y. Le Cozler et al.

Bazin, S., Augeard, P., Carteau, M., Champion, H., Chilliard, Y., Cuylle, G., Disenhaus, C., Durand, G., Espinasse, 
R., Gascoin, A., Godineau, M., Jouanne, D., Ollivier, O. and Remond, B., 1984. Grille de notation de l’état 
d’engraissement des vaches pie-noires. Institut Technique de l’Elevage Bovin, Paris, France.

Bédère, N., Cutullic, E., Delaby, L., Garcia-Launay, F. and Disenhaus, C., 2018. Meta-analysis of the relationships 
between reproduction, milk yield and body condition score in dairy cows. Livestock Science 210: 73-74.

Bernabucci, U., Biffani, S., Buggiotti, L., Vitali, A., Lacetera, N. and Nardone, A., 2014. The effects of heat stress in 
Italian Holstein dairy cattle. Journal of Dairy Science 97: 471-486. https://doi.org/10.3168/jds.2013-6611

Bezen, R., Edan, Y. and Halachmi, I., 2020. Computer vision system for measuring individual cow feed intake using 
RGB-D camera and deep learning algorithms. Computers and Electronics in Agriculture 172: 105345. https://doi.
org/10.1016/j.compag.2020.105345

Bloch, V., Levit, H. and Halachmi, I., 2019. Assessing the potential of photogrammetry to monitor feed intake of dairy 
cows. Journal of Dairy Research 86: 1-6.

Borchersen, S., Hansen, N.W. and Borggaard, C., 2018. System for determining feed consumption of at least one 
animal. U.S. Patent No. 9,861,081. Washington, DC, USA.

Brandt, N. and Jorgensen, E., 1996. Determination of live weight of pigs from dimensions measured using image 
analysis. Computers and Electronics in Agriculture 15: 57-72.

Buranakarl, C., Indramangala, J., Koobkaew, K., Sanghuayphrai, N., Sanpote, J., Tanprasert, C., Phatrapornnant, T., 
Sukhumavasi, W. and Nampimoon, P., 2012. Estimation of body weight and body surface area in swamp buffaloes 
using visual image analysis. Journal of Buffalo Science 1: 13-20.

Chéné, Y., Rousseau, D., Lucidarme, P., Berthelot, J., Caffer, V., Morel, P., Belin, E. and Chapeau-Blondeau, F., 2013. 
On the use of depth camera for 3D phenotyping of entire plants. Computers and Electronics in Agriculture 82: 
122-127.

Clouët, E. and Porhiel, J.Y., 2020. À Trévarez, le test d’une caméra mesurant l’état corporel des vaches laitières. Terra. 
Available at: https://tinyurl.com/3hjb4y99

Cominotte, A., Fernandes, A.F.A., Dorea, J.R.R., Rosa, G.J.M., Ladeira, M.M., Van Cleef, E.H.C.B., Pereira, G.L., 
Baldassini, W.A. and Machado Neto, O.R., 2020. Automated computer vision system to predict body weight and 
average daily gain in beef cattle during growing and finishing phases. Livestock Science 232: 103904.

Cutullic, E. and Flury, C., 2011. Efficacité laitière: prise en compte du poids vif estimé par description linéaire dans 
les valeurs d’élevage de 3 races laitières suisses. Rapport BFH Haute école suisse d’agronomie; mandaté par 
swissherdbook b FAL et RAC. Revue suisse d’Agriculture 33(3): 80.

Depuille, L., 2018. L’imagerie 3D, un nouvel outil de phénotypage pour de nouveaux indicateurs morphologiques: 
surface et volume. Mémoire de l’Ecole Nationale Supérieure des Sciences Agronomiques de Bordeaux Aquitaine, 
Gradignan, France, 55 pp.

Earle, D.F., 1976. A guide to scoring dairy cow condition. Journal of Agriculture (Victoria) 74: 228-231.
Edmonson, A.J., Lean, I.J., Weaver, L.D., Farver, T. and Webster, G., 1989. A body condition scoring chart for Holstein 

dairy cows. Journal of Dairy Science 72: 68-78.
Elting, E.C., 1926. A formula for estimating surface area of dairy cattle. Journal of Agriculture Research 33: 269-279.
Espejo-Garcia, B., Lopez-Pellicer, F.J., Lacasta, J., Moreno, R.P. and Zarazaga-Soria, F.J., 2019. End-to-end sequence 

labelling via deep learning for automatic extraction of agricultural regulations. Computers and Electronics in 
Agriculture 162: 106-111.

Fischer, A., Luginbuhl, T., Delattre, L., Delouard, J.M. and Faverdin, P., 2015. 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 98: 4465-4476.

https://doi.org/10.3168/jds.2013-6611
https://doi.org/10.1016/j.compag.2020.105345
https://doi.org/10.1016/j.compag.2020.105345
https://tinyurl.com/3hjb4y99


Gall
ey

pro
of

Chapter 19 – 3D imaging technology in ruminants

Practical Precision Livestock Farming	 361

Friggens, N.C., Thorup, V.M. and Edwards, D., 2011. Estimation à la ferme du bilan énergétique des vaches laitières à 
l’aide des mesures fréquentes de poids vif et de note d’état corporel. Rencontres Recherches Ruminants 18: 39-42.

Gardenier, J., Underwood, J. and Clark, C., 2018. Object detection for cattle gait tracking. IEEE International Conference 
on Robotics and Automation (ICRA), pp. 2206-2213. https://doi.org/10.1109/ICRA.2018.8460523

Gomes, R.A., Monteiro, G.R., Assis, G.J.F., Busato, K.C., Ladeira, M.M. and Chizzotti, M.L., 2016. Technical note: 
estimating body weight and body composition of beef cattle trough digital images analysis. Journal of Animal 
Science 94: 5414-5422.

Halachmi, I., Meir, Y.B., Miron, J. and Maltz, E., 2016. Feeding behavior improves prediction of dairy cow voluntary 
feed intake but cannot serve as the sole indicator. Animal 10: 1501-1506.

Halachmi, I., Polak, P., Roberts, D.J. and Klopcic, M., 2018. Cow body shape and automation of condition scoring. 
Journal of Dairy Science 91: 4444-4451.

Hansen, M.F., Smith, M.L., Smith, L.N., Abdul Jabbar, K. and Forbes, D., 2018. Automated monitoring of dairy cow 
body condition, mobility and weight using a single 3D video capture device. Computers in Industry 98: 14-22.

He, Y. and Chen, S., 2019. Recent advances in 3D data acquisition and processing by time-of-flight camera. IEEE 
Access 7: 12495-12510. https://doi.org/10.1109/ACCESS.2019.2891693

Heinrichs, A.J. and Hargrove, G.L., 1987. Standards of weight and height for Holstein heifers. Journal of Dairy Science 
70: 653-660.

Heinrichs, A.J., Rogers, G.W. and Cooper, J.B., 1992. Predicting body weight and wither height in Holstein heifers using 
body measurements. Journal of Dairy Science 75: 3576-3581.

Hernandez, N.A.A., Molina, M.L. and Gualdron, O., 2004. Estimate of the weight in bovine livestock using digital 
image processing and neural network. In: Proceedings Volume 5622, 5th Iberoamerican Meeting on Optics and 8th 
Latin American Meeting on Optics, Lasers, and their Applications. Porlamar, Venezuela.

Holtenius, K., O’Hara, L.A. and Karlsson, J., 2018. The influence of milk yield, body weight and parity on feed intake 
by dairy cows. In: Proceedings of the 9th Nordic Feed Science Conference. 12-13 June 2018. Swedish University of 
Agricultural Sciences, Department of Animal Nutrition, Uppsala, Sweden, pp. 101-105.

Huang, L., Guo, H., Rao, Q., Hou, Z., Li, S., Qiu, S, Fan, X. and Wang, H., 2019. Body dimension measurements of 
Qinchuan cattle with transfer learning from LiDAR sensing. Sensors 19: 5046. https://doi.org/10.3390/s19225046

Huau, C., Pommaret, A., Augerat, D., Marechal, P. Delattre, L. and Rupp, R., 2020. L’imagerie3D: une autre méthode 
d’évaluation de l’état corporel chez la chèvre Alpine. Rencontres Recherches Ruminants, Paris, France.

Institut National de la Recherche Agronomique (INRA), 2018. INRA feeding system for ruminants. Wageningen 
Academic Publishers, Wageningen, the Netherlands.

Kamilaris, A. and Prenafeta-Boldu, F.X., 2018. Deep learning in agriculture: a survey. Computers and Electronics in 
Agriculture 147: 70-90. https://doi.org/10.1016/j.compag.2018.02.016

Kazhdan, M. and Hoppe, H., 2013. Screened poisson surface reconstruction. ACM Transactions on Graphics 32(3): 
1-13. https://doi.org/10.1145/2487228.2487237

Kuzuhara, Y., Kawamura, K., Yoshitoshi, R., Tamaki, T., Sugai, S., Ikegami, M., Kurokawa, Y., Obitsu, T., Okita, M., 
Sugino, T. and Yasuda, T., 2015. A preliminarily study for predicting body weight and milk properties in lactating 
Holstein cows using a three-dimensional camera system. Computers and Electronics in Agriculture 111: 186-193.

Le Cozler, Y., Allain, A., Caillot, A., Delouard, J.M., Delattre, L., Luginbuhl, T. and Faverdin, P., 2019a. High precision 
scanning system for complete 3D cow body shape imaging and analyzing morphological traits. Computers and 
Electronics in Agriculture 157: 447-453.

Le Cozler, Y., Allain, A., Xavier, C., Depuille, L., Caillot, A., Delouard, J.M., Delattre, L., Luginbuhl, T. and Faverdin, 
P., 2019b. Volume and surface area of Holstein dairy cows calculated from complete 3D shapes acquired using a 

https://doi.org/10.1109/ICRA.2018.8460523
https://doi.org/10.1109/ACCESS.2019.2891693
https://doi.org/10.3390/s19225046
https://doi.org/10.1016/j.compag.2018.02.016
https://doi.org/10.1145/2487228.2487237


Gall
ey

pro
of

362	 Practical Precision Livestock Farming

Y. Le Cozler et al.

high-precision scanning system: interest for body weight estimation. Computers and Electronics in Agriculture 
165: 104977.

Lebreton, A., Le Cozler, Y., Guilloux, M. and Faverdin, P., 2020. Estimation des variations du contenu du rumen à partir 
d’images 3D de l’abdomen. PEGASE, INRAE, Institut Agro, Saint Gilles, France.

Lerch, S., De la Torre, A., Huau, C., Monziols, M., Xavier, C., Louis, L., Le Cozler, Y., Faverdin, P., Lamberton, P., Chery, 
I., Heimo, D., Loncke, C., Schmidely, P. and Pires, J.A.A., 2020. Estimation of dairy goat body composition: a direct 
calibration and comparison of eight methods. Methods 186: 68-78. https://doi.org/10.1016/j.ymeth.2020.06.014.

Lowman, B.G., Scott, N. and Somerville, S., 1976. Condition scoring of cattle. Edinburgh School of Agriculture, 
Edinburgh, UK.

Lun, R. and Zhao, W., 2015. A survey of applications and human motion recognition with Microsoft Kinect. 
International Journal of Pattern Recognition and Artificial Intelligence 29(5): 150330235202000. https://doi.
org/10.1142/S0218001415550083

Macdonald, K.A. and Roche, J.R., 2004. Condition scoring made easy. Condition scoring dairy herds, 1st edition. 
Dexcel Ltd., Hamilton, New Zealand.

Maltz, E., 1997. The body weight of the dairy cow: III. Use for on-line management of individual cows. Livestock 
Production Science 48: 187-200.

Marinello, F., Pezzuolo, A., Cillis, D., Gasparini, F. and Sartori, L., 2015. Application of Kinect-Sensor for three-
dimensional body measurements of cows. In: 7th European Conference on Precision Livestock Farming, ECPLF 
2015. Milan, Italy, pp. 661‑669.

Martins, B.M., Mendes, A.L.C., Silva, L.F., Moreira, T.R., Costa, J.H.C., Rotta, P.P., Chizzotti, M.L. and Marcondes, M.I., 
2020. Estimating body weight, body condition score, and type traits in dairy cows using three dimensional cameras 
and manual body measurements. Livestock Science 236: 154054.

Miller, G.A., Hyslop, J.J., Barclay, D., Edwards, A., Thomson, W. and Duthie, C.A., 2019. Using 3D imaging and machine 
learning to predict liveweight and carcass characteristics of live finishing beef cattle. Frontiers in Sustainable Food 
Systems 3: 30. https://doi.org/10.3389/fsufs.2019.00030

Mullins, I.L., Truman, C.M., Campler, M.R., Bewley, M. and Costa, J.H.C., 2019. Validation of a commercial automated 
body condition scoring system on a commercial dairy farm. Animals 9: 287. https://doi.org/10.3390/ani9060287

National Research Council (NRC), 2001. Nutrient requirements of dairy cattle, 7th revised edition. National Academic 
Press, Washington, DC, USA.

Negretti, P., Bianconi, G., Bartocci, S., Terramoccia, S. and Verna, M., 2008. Determination of live weight and body 
condition score in lactating Mediterranean buffalo by visual image analysis. Livestock Science 113: 1-7.

Nir, O., Parmet, Y., Werner, D., Adin, G. and Halachmi, I., 2018. 3D Computer-vision system for automatically 
estimating heifer height and body mass. Special Issue: Engineering Advances in Precision Livestock Farming. 
Biosystems Engineering 173: 4-10.

O’ Leary, N., Leso, L., Buckley, F., Kenneally, J., McSweeney, D. and Shalloo, L., 2020. Validation of an automated body 
condition scoring system using 3D imaging. Agriculture 10: 246. https://doi.org/10.3390/agriculture10060246

O’Mahony, N., Campbell, S., Anderson Carvalho, S., Krpalkova, L., Riordan, D. and Walsh, J., 2019. 3D vision for 
precision dairy farming. IFAC PapersOnLine 52(30): 312-317.

Okura, F., Ikuma, S., Makihara, Y., Muramatsu, D., Nakada, K. and Yagi, Y., 2019. RGB-D video-based individual 
identification of dairy cows using gait and texture analyses. Computers and Electronics in Agriculture 165: 104944. 
https://doi.org/10.1016/j.compag.2019.104944

Orman, A., Endres, M.I., 2016. Use of thermal imaging for identification of foot lesions in dairy cattle. Acta Agriculturae 
Scandinavica, Section A – Animal Science 66: 1-7.

https://doi.org/10.1016/j.ymeth.2020.06.014
https://doi.org/10.1142/S0218001415550083
https://doi.org/10.1142/S0218001415550083
https://doi.org/10.3389/fsufs.2019.00030
https://doi.org/10.3390/ani9060287
https://doi.org/10.3390/agriculture10060246
https://doi.org/10.1016/j.compag.2019.104944


Gall
ey

pro
of

Chapter 19 – 3D imaging technology in ruminants

Practical Precision Livestock Farming	 363

Pezzuolo, A., Guarino, M., Sartori, L. and Marinello, F., 2018. A feasibility study on the use of a structured light depth-
camera for three-dimensional body measurements of dairy cows in free-stall barns. Sensors 18: 673. https://doi.
org/10.3390/s18020673

Rawat, W. and Wang, Z., 2017. Deep convolutional neural networks for image classification: a comprehensive review. 
Neural Computation 29: 2352-2449.

Roche, J.R., Friggens, N.C., Kay, J.K., Fisher, M.W., Stafford, K.J. and Berry, D.P., 2009. Invited review: body condition 
score and its association with dairy cow productivity, health, and welfare. Journal of Dairy Science 92: 5769-5801.

Ruchay, A.N., Dorofeev, K.A., Kalschikov, V.V., Kolpakov, V.I. and Dzhulamanov, K.M., 2019a. A depth camera-based 
system for automatic measurement of live cattle body parameters. IOP Conference Series: Earth and Environmental 
Science 341. Conference on Innovations in Agricultural and Rural development. 18-19 April, 2019. Kurgan, Russian 
Federation. https://doi.org/10.1088/1755-1315/341/1/012148

Ruchay, A.N., Dorofeev, K.A., Kalschikov, V.V., Kolpakov, V.I. and Dzhulamanov, K.M., 2019b. Accurate 3D shape 
recovery of live cattle with three depth cameras. IOP Conference Series: Earth and Environmental Science 341. 
Conference on Innovations in Agricultural and Rural development. 18-19 April, 2019. Kurgan, Russian Federation 
https://doi.org/10.1088/1755-1315/341/1/012147

Salau, J., Haas, J., Junge, W. and Thaller, G., 2017. A multi-Kinect cow scanning system: calculating linear traits from 
manually marked recordings of Holstein-Friesian dairy cows. Biosystems Engineering 157: 92-98.

Salau, L., Haas, J.H., Junge, W. and Thaller, G., 2016. Extrinsic calibration of a multi-Kinect camera scanning passage 
for measuring functional traits in dairy cows. Biosystems Engineering 151: 409‑424.

Salau, L., Haas, J.H., Junge, W., Bauer, U., Harms, J. and Bieletzki, S., 2014. Feasibility of automated body trait determination 
using the SR4K time-of-flight camera in cow barns. Springer Plus 3: 225. https://doi.org/10.1186/2193-1801-3-225

Schlageter-Tello, A., Van Hertem, T., Bokkers, E.A.M., Viazzi, S., Bahr, C. and Lokhorst, K., 2018. 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 101: 6322‑6335.

Shelley A.N., Lau, D.L., Stone, A.E. and Bewley, J.M., 2016. Short communication: measuring feed volume and weight 
by machine vision. Journal of Dairy Science 99: 386-391.

Shelley, A.N., 2013. Monitoring dairy cow feed intake using machine vision. MSc-thesis, University of Kentucky, 
Lexington, KY, USA. https://uknowledge.uky.edu/ece_etds/24

Song X., Van der Tol, P.P.J., Groot Koerkamp, P.W.G. and Bokkers, E.A.M., 2019. Hot topic: automated assessment 
of reticulo-ruminal motility in dairy cows using 3-dimensional vision. Journal of Dairy Science 102: 9076‑9081.

Song, X., Bokkers, E.A.M., Van der Tol, P.P.J., Groot Koerkamp, P.W.G. and Van Mourik, S., 2018. Automated body 
weight prediction of dairy cows using 3-dimensional vision. Journal of Dairy Science 101: 4448-4459.

Spoliansky, R., Edan, Y., Parmet, Y. and Halachmi, I., 2016. Development of automatic body condition scoring using a 
low-cost 3-dimensional kinect camera. Journal of Dairy Science 99: 7714‑7725.

Sprecher, D.J., Hostetler, D.E. and Kaneene, J.B., 1997. A lameness scoring system that uses posture and gait to predict 
dairy cattle reproductive performance. Theriogenology 47: 1179-1187.

Stuyft, E.V.D., Schofield, C., Randall, J.M., Wambacq, P. and Goedseels, V., 1991. Development and application of 
computer vision systems for use in livestock production. Computers and Electronics in Agriculture 6: 243-265.

Thorup, V.M., Edwards, D. and Friggens, N.C., 2012. On-farm estimation of energy balance in dairy cows using only 
frequent body weight measurements and body condition score. Journal of Dairy Science 95: 1784-1793.

Tsai, H., Ambrogio, S., Narayanan, P., Shelby, R.M. and Burr, G.W., 2018. Recent progress in analog memory-based 
accelerators for deep learning. Journal of Physics D, Applied Physics 51: 283001. https://doi.org/10.1088/1361-
6463/Aac8a5

https://doi.org/10.3390/s18020673
https://doi.org/10.3390/s18020673
https://doi.org/10.1088/1755-1315/341/1/012148
https://doi.org/10.1088/1755-1315/341/1/012147
https://doi.org/10.1186/2193-1801-3-225
https://uknowledge.uky.edu/ece_etds/24
https://doi.org/10.1088/1361-6463/Aac8a5
https://doi.org/10.1088/1361-6463/Aac8a5


Gall
ey

pro
of

364	 Practical Precision Livestock Farming

Y. Le Cozler et al.

Van Hertem, T., Bahr, C., Schlageter, Tello, A., Viazzi, S., Steensels, M., Romanini, E.C.B., Lokhorst, C., Maltz, E., 
Halachmi, I. and Berckmans, D., 2016. Lameness detection in dairy cattle: single predictor vs multivariate analysis 
of image-based posture processing and behaviour and performance sensing. Animal 10: 1525‑1532.

Van Hertem, T., Schlageter Tello, A., Viazzi, S., Steensels, M., Bahr, C., Romanini, E.C.B., Lokhorst, K., Maltz, E., 
Halachmi, I. and Berckmans, D., 2018. Implementation of an automatic 3D vision monitor for dairy cow locomotion 
in a commercial farm. Biosystems Engineering 173: 166‑175.

Van Hertem, T., Viazzi, S., Steensels, M., Maltz, E., Anatler, A., Alchanatis, V., Schlageter-Tello, A.A., Lokhorst, 
K., Romanini, E.C.B., Bahr, C., Berckmans, D. and Halachmi, I., 2014. Automatic lameness detection based on 
consecutive 3d-video recordings. Biosystems Engineering 119: 108‑116.

Vázquez-Arellano, M., Griepentrog, H.W., Reiser, D. and Paraforos, D.S., 2016. 3-D imaging systems for agricultural 
applications – a review. Sensors 16: 618. https://doi.org/10.3390/s16050618

Viazzi, S., Bahr, C., Van Hertem, T., Schlageter-Tello, A., Romanini, C.E.B., Halachmi, I., Lokhorst, C. and Berckmans, 
D., 2014. Comparison of a three-dimensional and two-dimensional camera system for automated measurement of 
back posture in dairy cows. Computers and Electronics in Agriculture 100: 139‑147.

Wurtz, K., Camerlink, I., D’Eath, R.B., Fernandez, A.P., Norton, T., Steibel, J. and Siegford, J., 2019. Recording behaviour 
of indoor-housed farm animals automatically using machine vision technology: a systematic review. PLoS ONE 
14(12): e0226669. https://doi.org/10.1371/journal.pone.0226669

Xavier, C., Le Cozler, Y., Depuille, L., Caillot, A., Lebreton, A., Allain, C., Delouard, J.M. Delattre, L., Luginbuhl, T., 
Faverdin, P. and Fischer, A., 2022. The use of 3-dimensional imaging of Holstein cows to estimate body weight and 
monitor the composition of body weight change throughout lactation. Journal of Dairy Science 105 (5): 4508-4519. 
https://doi.org/10.3168/jds.2021-21337

Yeleshetty, D., Spreeuwers, L. and Li, Y., 2020. 3D face recognition for cows. In: Brömme, A., Busch, C., Dantcheva, 
A., Raja, K., Rathgeb, C. and Uhl, A. (eds.) BIOSIG 2020 – Proceedings of the 19th International Conference of the 
Biometrics Special Interest Group. 16-18 September 2020. Darmstadt, Germany

Zhang, Q., Yang, L.T., Chen, Z. and Li, P., 2018. A survey on deep learning for big data. Information Fusion 42: 146-157. 
https://doi.org/10.1016/j.inffus.2017.10.006

Zhao, K., Bewley, J.M., Heade, D. and Jin, X., 2018. Automatic lameness detection in dairy cattle based on leg swing 
analysis with an image processing technique. Computers and Electronics in Agriculture 148: 226-236.

Zieltjens, P., 2020. A comparison of an automated body condition scoring system from DeLaval with manual, non-
automated, method. MSc-thesis, Faculty of Veterinary Medicine, Utrecht University, Utrecht, the Netherlands.

Zin, T.T., Phyo, C.N., Tin, P., Hama, H. and Kobayashi, I., 2018. Image technology based cow identification system 
using deep learning. Proceedings of the International MultiConference of Engineers and Computer Scientists. Vol 
I. IMECS 2018, March 14-16, 2018. Hong Kong.

Zinpro, 2021. Locomotion scoring and treatment of dairy cattle. Available at: https://tinyurl.com/2de9yre3.

https://doi.org/10.3390/s16050618
https://doi.org/10.1371/journal.pone.0226669
https://doi.org/10.3168/jds.2021-21337
https://doi.org/10.1016/j.inffus.2017.10.006
https://tinyurl.com/2de9yre3

