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Simple Summary

Computer vision is becoming a transformative tool in dairy farm management, offering
farmers a more efficient, accurate, and non-invasive way to monitor herd health, behavior,
and productivity. This enables real-time decision-making, reduces labor costs, and mini-
mizes errors associated with manual observation. Additionally, computer vision systems
can enhance animal welfare by identifying stress or discomfort early, leading to timely
interventions that improve overall herd well-being and productivity. When integrated
with other smart farming technologies, such as automated milking systems and precision
feeding, computer vision contributes to sustainable and data-driven farm management,
optimizing milk yield while reducing waste and resource use. Ultimately, the adoption of
computer vision in dairy farming supports both economic efficiency and animal welfare,
aligning with the growing demand for sustainable agricultural practices.

Abstract

Computer vision is rapidly transforming the field of dairy farm management by enabling
automated, non-invasive monitoring of animal health, behavior, and productivity. This
review provides a comprehensive overview of recent applications of computer vision in
dairy farming management operations, including cattle identification and tracking, and
consequently the assessment of feeding and rumination behavior, body condition score,
lameness and lying behavior, mastitis and milk yield, and social behavior and oestrus.
By synthesizing findings from recent studies, we highlight how computer vision systems
contribute to improving animal welfare and enhancing productivity and reproductive
performance. The paper also discusses current technological limitations, such as variability
in environmental conditions and data integration challenges, as well as opportunities
for future development, particularly through the integration of artificial intelligence and
machine learning. This review aims to guide researchers and practitioners toward more
effective adoption of vision-based technologies in precision livestock farming.

Keywords: cow; PLF; deep learning; heat stress; machine vision

1. Introduction
The growing demand for animal-derived products called for an expansion of the

livestock sector. With regard to the dairy sector, the demand for milk will increase ex-
ponentially by 2050 [1], leading to the need for improved farm-management procedures.
Traditional farming relies on farmers’ observations and experience; however, that alone is
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not sufficient to ensure the feasibility of livestock farming on a large scale. Therefore, many
precision livestock farming (PLF) technologies have been spreading worldwide as very
efficient tools that support the farmers in the decision-making process by providing them
with valuable information on animal welfare, health, production, and reproduction [2]
through the automated monitoring of the herd [3].

The most widely used methods to identify, track, or measure animal-based parameters
on cattle are wearable devices. However, their effectiveness is affected by the fact that
they can be lost, damaged, or cause stress to the animal [4–6], implying discomfort for the
cows and economic losses for the farmers. On the contrary, the presence of cameras does
not impact the animals, thereby preventing any stress associated with their use. Indeed,
the computer vision approach represents a cost-effective alternative to wearable devices,
which can provide a large amount of animal-based information, replacing the farmer in
many repetitive and time-consuming tasks [7,8]. However, it must be considered that
data obtained by wearable devices often present availability limitations due to software
permissions, leading to a more difficult data incorporation between different technolo-
gies [9]. A more comprehensive approach, helpful to consider different data derivations,
is essential for the improvement of livestock management and farm sustainability. In this
context, computer vision plays a key role as an enabling technology for PLF, allowing
automated, non-invasive, and continuous monitoring of animals and helping farmers make
more informed decisions based on data.

1.1. Common Stages in Computer Vision Methodologies

The widespread deployment of sensors for routine livestock monitoring led to a
significant enhancement in both the volume and the quality of data collected on farms,
allowing a more comprehensive and robust application of statistical analysis and numerical
modelling techniques. In this context, researchers throughout the last decade focused on the
development of computer vision systems with a combination of machine learning models,
aiming at the improvement of data analysis. For instance, You Only Look Once (YOLO) [10]
models are a group of convolutional neural networks (CNNs) used for object detection
and image classification that are vastly applied because they are developed to be fast and
accurate and easy to implement; in fact, their structure allows them to process the whole
image in one single step. They are mentioned as a group because they are continuously
re-modelled and re-sized to better fit different needs [8]. YOLO is a popular object-detection
model, known for its real-time performance and accuracy, that has been used in several
studies on dairy cow monitoring. Different versions of YOLO have been developed to
improve its efficiency. Similarly, CNNs represent a widely adopted family of deep learning
methods, extensively developed and adapted to various contexts, and integrated into
neural network architectures with diverse characteristics. CNNs are particularly well-
suited for agricultural applications because they excel at handling complex and varied
image data, such as crops, soils, and livestock captured under different lighting, weather,
and growth conditions. Their ability to automatically extract and learn hierarchical features
makes them robust in distinguishing subtle differences, for example, between healthy and
diseased animals. In addition, CNNs are highly efficient for real-time image processing,
which is critical for applications like precision farming, where timely decisions directly
impact yield and resource management. These models can be combined with numerous
algorithms, such as DeepSORT for multi-object tracking [11], the WhenToRead module to
increase ear-tag recognition [12], and CenterNet for keypoint detection [13], among others,
to construct frameworks adapted to specific requirements. The procedure adopted in most
of the reviewed articles comprised the following steps:

(a) Data collection
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The data collection phase follows two different approaches depending on the choice
of dataset for the image or video analysis. Specifically, some studies relied on pre-recorded
datasets that were already available for processing [14]. In contrast, others opted to
create their own datasets using RGB cameras [7,8,15], depth cameras [9,16], infrared cam-
eras [17,18], and thermal cameras [5,13,19], selected and positioned according to the specific
objectives of the research.

(b) Data pre-processing and processing

In this phase, frames were annotated using bounding boxes [20], keypoints, or point
clouds [21], depending on the annotation methodology selected by the authors according
to the objective of the study, in preparation for subsequent processing. This procedure has
been carried out either manually or supported by automated methods, such as 3D pose
estimation software [22], Labelme [23], LabelImg [24], or Computer Vision Annotation
Tool (CVAT) [7]. The extracted frames are elaborated through, for instance, background
removal [21], image enhancement [24], signal frequency selection [25], and finally data
augmentation techniques to improve the overall performance of the framework [11,26,27]
and remove obstructions, noise, interferences, or any other factors that may interfere
with or degrade the performance of machine learning algorithm analyses and improve
feature classification.

(c) Data analysis

The final steps of this process involve the object detection and classification, per-
formed by several different models, including the You Only Look Once (YOLO) [10] and
R-CNN [28] families.

(d) Results assessment

This phase includes the metrics utilized to determine the performance of the system,
such as intersection-over-union (IoU) [29] and average IoU to assess the degree of similarity
between two images, precision, and recall that are combined in the balanced F1-score,
confidence score, average precision, and mean average precision.

In the last 10 years, computer vision and deep learning methods have experienced
important growth in terms of technological development, bearing the potential to rev-
olutionize livestock farming management. In agreement, Figure 1 shows the trend of
bibliographic sources investigating computer vision applications related to livestock man-
agement resulting from a search through Scopus by filtering title, abstract, and keywords.

To reduce the amount of time spent on repetitive activities related to herd monitoring,
a reliable instrument that provides decisional support is strictly necessary. Computer
vision systems have found a promising application in several aspects related to farm
management since they can be applied to different settings to obtain precise, accurate, and
objective data. By automating time-consuming tasks and enabling an objective processing
that provides decision-making support, machine learning technologies offer significant
assistance to livestock farmers. In the context of increasingly large-scale herd management,
the adoption of such technologies is crucial for minimizing human errors and operational
costs while simultaneously enhancing the efficiency of herd management practices, such as
reproduction, nutrition, and production processes.
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Figure 1. Trend of the bibliographic sources investigating computer vision applications related to
livestock management.

1.2. Aim and Scope of This Review

The following paper presents the findings of a literature review conducted to identify
and summarize the key potential applications of computer vision systems to dairy cattle
management. The main objective of this review is to investigate and organize the existing
literature in this field of research to develop a more comprehensive understanding of the
topic. The remaining sections of this document are organized as follows: The second section
outlines the methodology of this review and presents the collection of papers analysed
in this study. The paragraphs from third to ninth will present, in the subsequent order,
the applications of computer vision and machine learning technologies for identification
and tracking, feeding and rumination, body condition score (BCS), respiration rate and
heat stress, lameness and lying behavior, mastitis and milk yield, and social behavior and
oestrus of dairy cattle.

2. Review Methodology
2.1. Criteria for the Source Selection

The bibliographic research was conducted by consulting Scopus, Web of Science,
and PubMed databases, selecting the sources with titles, abstracts, and keywords. The
combination of search terms used on Scopus included TITLE-ABS-KEY ((dairy cow OR
cattle OR cow) AND (computer vision OR machine vision OR vision system) AND (man-
agement OR tracking OR identification OR feeding)) AND (LIMIT-TO (LANGUAGE,
“English”)). Whereas, on the other databases, the research was carried out leveraging the
keywords “dairy cow”, “computer vision”, “machine learning”, and “management”. The
limitations that were applied concern time and language. Regarding the time limitation,
the selected papers range between 2014 and 2024, when the bibliographic search ended.
Meanwhile, texts from book chapters, peer-reviewed articles, and conference abstracts
written in English were considered for a full text review of the document. At the end of
this screening, a database of 92 documents was obtained. Thereafter, articles that did not
align with this review’s scope were excluded. Figure 2 outlines the essential phases of the
selection process.
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Figure 2. Flow diagram of the bibliographic source selection process.

2.2. Review of the Reviews: Progresses, Overlaps, and Research Trends

The literature reviews published in recent years tend to focus on a single application
of computer vision, such as body weight estimation [30], behavior recognition [31,32], or
animal identification [33], thus lacking a broader overview of its potential applications and
the current state of the art across the various specific domains. Otherwise, Refs. [34,35]
propose a more comprehensive analysis of articles that apply computer vision and machine
learning, focusing on giving a technical outline of the frameworks’ characteristics. With
this review, we aim to provide a comprehensive summary and general overview of the
potential applications of computer vision within the farm setting as a decision-support tool
for farmers, with the goal of optimizing farm-management practices.

3. Identification and Tracking
The ability to identify and track the single animal is fundamental for optimal livestock

farming management. In the dairy sector, providing each animal with an identification
enables the traceability of the animal’s products to guarantee the consumers’ safety. Ad-
ditionally, tracking and analysing animals’ behavior is of great importance; in fact, it can
help the farmer in the detection of animals that need intervention or health care [36]. For
this purpose, different types of precision livestock farming (PLF) devices are already made
available on the market, equipped with the ability to recognize the individual and track
its movements inside the barn. The vast majority of them are wearable devices; thus, they
need physical contact with the animal to be effective and, as a result, can be stressful for
the animals. Furthermore, most of these technologies are commonly lost or destroyed by
the animal’s physical interactions with them [7], causing economic losses to the farmer.
One of the mainly used PLF technologies for livestock identification and tracking is the
Radio-Frequency Identification (RFID) technology, which wirelessly transmits recorded
information. Nevertheless, those technologies can incur communication failure, both due to
the sensors’ loss or connection problems between the sensor and the farmer’s computer [16].
The aim of PLF is to provide a real-time technology that can continuously monitor ani-
mals in the barn [37]. Therefore, modern solutions applied in the dairy industry ask for
a systematic, reliable, and accurate system that can recognize and identify each animal
automatically in order to support the farmer in managing the herd in terms of health,
behavior, production, and welfare of the cows and, additionally, in order to improve the
traceability of the animals’ products over time. An efficient method for this is through the
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use of computer vision or by combining information provided by other technologies with
that provided by computer vision. This technology offers a valid alternative to wearable
sensors and a non-contact solution that is also cost-effective [14,16].

Animal biometric identification is a strong challenge for researchers all over the world.
The authors are trying different strategies to cope with the fact that real-time recorded
images are not always of an ideal quality and consequently can cause problems in the
development of software that can generalize the images from the background, maintaining
a high percentage of accuracy [14]. In the analysed papers, 80% of the authors decided to use
an RGB (red, green, blue) camera, and the rest have leveraged instead infrared technology
or a combination of the two [5]. Most of the articles decided to focus solely on identification;
however, 30% of them expanded the use of the camera to track the cows inside the barn and
to monitor usual behaviours such as drinking and feeding. More than 50% of the models
presented by the analysed authors focused on the whole body of the animal, with the aim
of recognizing the individual based on the coat pattern. While 30% of the articles identify
subjects focusing on biometric characteristics of the face or particularly of the muzzle.
Ref. [38] focuses on the analysis of osseous and cartilaginous bovine faces’ components,
leveraging Euclidean Distance Matrix Analysis and vector projection techniques combined
with machine learning techniques. The indicated anatomical region has been selected for
the analysis since it concentrates in a relatively small space different geometrically complex
morphological patterns that can be recognized by algorithms. It must be considered that
alternatives to biometric features exist when it comes to recognition and identification. For
instance, Ref. [8] has researched algorithms specialized in reading different types of fonts
and handwriting to recognize numbers written on ear tags. A useful algorithm to obtain
data with this method is Scene Text Recognition (STR), which is a type of Optical Character
Recognition (OCR) specialized in recognizing text extracted from natural images.

Furthermore, processing speed is of great importance for real-time detection of animals
in large dairy farms, where a great computational capacity is required for the model. To
overcome this problem, the previously mentioned authors introduced the “WhenToRead”
module so that instead of utilizing only the information provided by one image, the model
can make better predictions relying on video-based recognition. With this method, previous
frames are compared every time a new frame is analysed, and only the most informative
one is kept. This helps the model make better predictions while using less computing
power, making it easier to apply in real-world situations.

In order to assign an ID and then track the animals, the system has to comprehend
two algorithms: one designated to the detection of the individual, which can be both
image- or video-based, and another that performs the recognition of the animal. Re-
searchers attempted to focus on different biometric features to implement animal detection
and recognition, leading to the development of specific algorithms able to identify cows
through the analysis of coat pattern [26] and morphologic features of the whole body of the
cow [18,39] or limitedly of the side [5], back [14], face, and muzzle [7,15,16,40]. Likewise,
utilizing an RGB-D camera that provides information both on colour and depth of the
image, it is possible to extract individual 3D cow models and identify animals through
their gait [41]. The majority of the authors detected animals leveraging YOLO models,
providing extracted features that consequently entered a multi-object tracking layer that
assigns the identification number to the individual throughout the video stream, achieving
cow recognition [8]. Bergman et al. [15] firstly made a comparison of different detection
and recognition algorithms, discovering that the best-performing algorithm consisted
of a combination of YOLOv5 for facial detection (obtaining a mean average precision
mAP = 97.8%) and a Vision-Transformer model inspired by human facial recognition (with
classification accuracy = 96.3%) with a classification speed of 20 milliseconds per frame.
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This combination of algorithms was selected to obtain real-time efficiency, allowing the
model to detect and recognize every cow in the same batch at the same time. As the authors
stated, better results could be achieved by enlarging the training dataset for the Transformer
model, which can consequently be more precise. One of the greatest challenges for this
technological field consists in the fact that when the images or the videos are recorded, the
algorithms have great difficulties in focusing and extracting useful features from images
that have different quality and backgrounds. Many authors focused on the creation of
a model that could be applied efficiently, not only limited to a specific context but also
capable of performing background generalization to maintain high recognition accuracy in
different settings. Ref. [14] developed the BottleNet Transformer, fusing the architecture
of a CNN and a Transformer to extract both local and global features with one algorithm
that was adapted to the real scenario of large-scale farms by adding both Counterfactual
Attention Learning and Graph Sampling to the network.

Another combination strategy attempted consisted in the development of a deep
learning-based individual recognition model that combines Mask R-CNN instance segmen-
tation and the ResNet101 image classification model to identify individual cows in milking
parlours. This model obtained an accuracy of 97.58% with ResNet101 and an average
accuracy of 96.73% with the Mask R-CNN model, outperforming other combinations of
Mask R-CNN with other individual classification networks, such as VGG16, ResNet34, and
GoogleNet [42].

Individual identification of animals can find an application not only in real-time
monitoring of the herd but also in animal production traceability. In fact, Ref. [17] used
Siamese networks for the recognition and identification of dairy cattle in different stages
of life: in this case, the authors applied the model to recognize young subjects that were
previously identified after a year of growth, obtaining an F1-score of 73%.

As a matter of fact, calves are particularly susceptible to rapid growth; hence, identifi-
cation is an issue to perform and can affect the predictive performance of the algorithms. It
has been demonstrated by [21] that algorithms that perform identification of dairy calves
based on 3D images of the dorsal area are robust enough to remain accurate through the
growing stage, as they are able to extract unrepeatable biometric features that are not
affected by the physical changes typical of this period.

4. Feeding and Rumination Behavior
Monitoring the feeding behavior and rumination activity of dairy cows supports

experts in the detection of abnormalities of the health and welfare status of animals. It
has to be considered that animals’ nutrition and digestive processes are directly related to
their productivity and quality of production [43]. For instance, dairy cows experiencing
heat stress register a decrease in feed intake and rumination, leading to a compromised
production of milk [44]. Real-time monitoring could be performed by image processing
algorithms combined with machine learning models. This technology enables tracking
of each cow’s movements and behaviours throughout the farm [45]. Ref. [43] utilized
the YOLOv8 object detection framework, with a decoupled head that performs separate
classification and regression to increase possible accuracy in terms of identification and
tracking, individuating a limit for the system in the resolution of the cameras that could be
improved to obtain a mAP higher than 50.2%. Ref. [46], instead, employed the YOLOv3
model, trained with manually labelled images, to efficiently predict feeding behavior. The
authors decided to analyse the number of visits, the mean visit duration, the mean interval
between visits, and the total feeding time, considering as a new visit the moment in which
the cow inserted the head through the feed rail. The research group stated that increasing
the interval of image acquisition helps the model in the prediction, as they obtained an
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overall accuracy of 99.4%. It has emerged from the analysed articles that to increase model
performance, it is appropriate to train the models with numerous and dissimilar data rather
than to train them with homogeneous data [47]. Multiple wearable devices have been used
to monitor rumination activity in dairy cattle, such as microphones [48], nosebands [49],
and accelerometers [50]; however, as devices that must be in contact with the animal to
function properly, they can be lost or broken. Neural networks and machine learning could
be a viable solution to assess animal behavior, utilizing non-contact devices [27]. Ref. [27]
presented a computer vision model that combines VGG16 and ResNet to recognize when
the cow is chewing or swallowing, obtaining an accuracy of 98.12%, resulting in an efficient
system for monitoring ruminal activity. Authors concentrate on observing rumination and
chewing parameters, since they are strictly related to animal health and welfare. However,
alterations in the rumination pattern are not all symptoms of illness; they instead could be
physiological manifestations related to productivity, general physiological state, and feed
administration [51–53]. Monitoring these activities can support the farmers to recognize
sick animals and to select more efficient feeding ratios or management strategies that better
suit the needs of the herd.

5. Body Condition Score Assessment
Computer vision systems enable farmers to rely on real-time monitoring of the animals’

body condition score (BCS), allowing them to dispose of a large amount of information that
is directly related to health status, feed suitability, animal production, and growth. BCS is
itself an instrument that aims to evaluate animals’ energy reserves (Spoliansky et al., 2016)
(Edmonson et al., 1989) [54,55]. In addition, the use of machine learning algorithms enables
an immediate recognition of the onset of physiological abnormalities throughout the herd,
such as metabolic issues or decreased productivity. Furthermore, real-time automatic
monitoring of animals supports the farmer in identifying the extent of the problem—for
instance, if the herd is almost totally affected by the disease or if only some individuals
are involved.

Nowadays, the most used systems to measure body weight are walk-over weighing
systems or manual observations, methods that are neither time nor cost efficient, especially
in large-scale contexts, and require a trained observer who can assign the BCS [56].

In this regard, the use of low-cost three-dimensional (3D) cameras with a depth sensor
has been proposed by all the authors; they are summarized in Table 1. The cameras have
been applied, combined with different machine learning algorithms, to find a solution that
could improve the efficacy of body weight prediction and of a more general morphometric
analysis. In fact, 3D depth cameras provide images that allow tracking not only the
object contours but also its structure, providing three-dimensional information about
the animals [57]. Ref. [55] proposed a three-dimensional algorithm, developed in the
Matlab (The MathWorks Inc., Natick, MA, USA, v2016) environment, that provides a
topographical overview of the animal’s body. Extracting fourteen features from the video of
each individual cow, this algorithm can predict the BCS, with a coefficient of determination
of 0.75. Ref. [57] observed that the BCS could be estimated utilizing the cows’ back profiles,
since they change along with body condition. The authors compared each cow’s back
profile, extracted from the videos, with a fitted polynomial surface to assess the deviation
degree between them, utilizing a 3D-BCS model that obtained a coefficient of determination
of 0.70. Ref. [56], instead, has succeeded in obtaining a coefficient of determination of 0.98,
utilizing a Mask R-CNN approach integrated with a linear mixed model in the forecasting
cross validation. The authors found that R-CNN has great effectiveness in segmenting
cows’ body images from the background and returned the best goodness of fit compared
to single-thresholding and adaptive thresholding methods. The evaluation of the body
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condition can be part of a more holistic approach, hence integrated with other information
from different sources, such as wearable devices [58,59], to achieve a more comprehensive
overview of the individual animal and of possible management improvements that can
be completed to increase the health and welfare of the herd. Ref. [9] proposed a cloud
computing technology based on a cooperative learning approach that relies on both early
and late fusion methods to align predictions obtained with different predictive models. This
method allows for overcoming technical difficulties related to on-farm data accessibility
and integration with the aim of obtaining as output a phenotype prediction. The accuracy
obtained related only to the BCS evaluation performed with ResNet-50 and was 96.2%.

Table 1. Details from the papers related to the monitoring of BCS in dairy cattle.

Monitored Feature Reference Details on the Camera Adopted

BCS

[9]
Kinect V2 sensor (Microsoft; Redmond, WA, USA)

Intel® RealSense™ Depth Camera D435 (Intel®

Corporation, Santa Clara, CA, USA)

[56] Intel® RealSense™ Depth Camera D435 (Intel®

Corporation, Santa Clara, CA, USA)

[57] Microsoft Kinect (Microsoft; Redmond, WA, USA)

[58] Microsoft Kinect (Microsoft; Redmond, WA, USA)

6. Respiration Rate and Heat Stress
Respiration rate is a parameter commonly employed for the identification of animals

affected by respiratory diseases or heat stress. In the latter, it must be considered that
thermoregulation allows animals to keep in balance energy dedicated to heat dissipation
and production: if the environmental conditions prevent said balance, animals are forced
to live outside their Thermo-Neutral Zone (TNZ). This imbalance results in compromised
physiological activities and a reduction in milk yield and quality [23]. Production loss
impacts negatively on the farm’s finances; hence, milk yield monitoring has been the
parameter for heat stress recognition for many years. Actually, the effects on animals’
productivity are the consequence of a series of physiological alterations, such as reduc-
tion in feed intake, increased respiration and heart rates, and altered lying behavior [44].
Respiration rate (RR) is a particularly useful parameter to monitor with reference to heat
stress; in fact, its onset is immediately encountered when the thermal conditions get out of
the TNZ; therefore, it can give the farm’s managers useful information on how to activate
or optimize cooling systems [25]. For years, the evaluation of RR has been carried out
visually by a trained observer, resulting in a time-consuming activity that requires specific
training [60]. In consideration of the necessity to find an alternative for the monitoring
of RR in livestock, many authors proposed the use of wearable sensors [61], such as MP3
recorders [62], pressure sensors [63], and belts to monitor flank movements [64]. With
regard to the type of camera to be used for this purpose, infrared thermal imaging has been
proposed but presents some limits: the measurements can be affected by environmental
temperatures, and the animal’s head has to be in a certain position to obtain useful images,
sometimes recurring to a restraint that can cause stress to the animal [65]. In addition, the
infrared thermal cameras’ cost is higher than that of RGB cameras [25]. The camera position
most favoured by the researchers is located above the cubicles or the stalls: this choice of
device positioning is linked to the fact that RR recognition in standing cows is very difficult
to perform due to interfering movements and slight breathing movements [23]. Indeed, RR
can be computed by focusing on the intensity variation of pixels in some defined regions of
interest (ROI) that, in this case, are cows’ abdomens or chests [23].
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Refs. [23,25] have both performed cows’ and ROI recognition by YOLOv8- and
YOLOv5-based networks, respectively, and subsequently applied Fast Fourier Transform
(FFT) to extract RR from data frames. The FFT is an algorithm that has already found
application in human research [66] and has proven to be suitable for this goal.

Ref. [67] stated that the resting state could give us more reliable information on animals’
health since this state is less affected by movement disturbances because the cow is not
walking, drinking, or interacting with other cows. In fact, the authors decided to employ
firstly the YOLACT (You Only Look at CoefficienTs) as a deep learning algorithm that
recognizes and segments the cows from the background; secondly, a VGG16 fused with a
Bi-LSTM was used to recognize the cow’s resting behavior with a precision over 0.95 (i.e.,
resting while standing, resting while lying); and finally, RR was computed using optical
flow methods. Optical flow is the change in the movement of the pixels in an image and
can be related to the object of the image or to the device used for the recording: when
the cow is breathing, the body moves horizontally and rhythmically, causing a reciprocal
movement in the direction of the optical flow in the recorded images. A powerful tool in
this regard is the Lucas–Kanade algorithm [68], which has previously been shown to be
more efficient and accurate in extracting respiration-related movements if compared to
other dense methods [23].

7. Lameness and Lying Behavior
Lameness is one of the most widespread health problems among dairy cattle since it

causes pain, gait alterations, and negatively affects reproduction and milk production, lead-
ing to economic losses for the farmers [54,69]. This problematic issue is strictly related to
the barn management: incorrectly balanced feed, unclean bedding material, and structures
that do not prevent heat stress may cause a rise in pathological cases [70]. However, scoring
lameness performed by trained observers is a time-consuming activity that is not feasible in
large-scale farming contexts [71]. Therefore, the development of instruments that provide
an early detection of lameness for the individual cow is of great importance to protect the
animal’s welfare and the farm’s economy. Accelerometers have been proposed to monitor
cattle, but, as wearable sensors mostly applied to the legs, they can cause discomfort and
stress. Recently, computer vision has been proposed to automate the lameness scoring
process and to improve early detection in large herds. To accomplish this objective, CNNs
(convolutional neural networks) have been applied for object recognition and RNNs (recur-
rent neural networks) for feature extraction, allowing for finding a correlation between the
lameness gravity and the degree of curvature of the cows’ back [72,73]. Machine learning
techniques allow researchers to focus on leg swings and movement patterns to classify lame
cows [74] based on the extraction of features related to the movement characteristics, such
as symmetry and stride length [20]. Nevertheless, considering a singular characteristic as a
basis for lameness detection could lead to false positives or inaccuracies, in particular if the
cows are not severely lame [73,75]. Lame animals, in fact, show different gait characteristics,
such as greater arching and flattening of the back and an increase in head movement
while moving, to minimize the stress on the lame leg that would lead the cow to feel
more pain [76,77]. The results obtained underlined that Mask R-CNN shows an excellent
lameness-detection accuracy (98%) but still has some issues in locating dark feet and legs if
the background is dark due to the low contrast between the objects. Ref. [20] proposes a
novel approach that involves the identification of three keypoints on the back of the animal
that define the back’s curvature and allow the calculation of the variance in movement
and the degree of lameness. In the study, different machine learning algorithms were
tested for their efficacy, showing AdaBoost as the most accurate algorithm with an overall
accuracy of 77.9%. Another study instead proposed a method that enables recognition and
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analysis of both posture and gait at once, leveraging a Mask R-CNN to estimate different
keypoints on the cows’ body to determine back arching and head position. Subsequently,
the CatBoost algorithm selects useful and nonessential features to correctly classify each
cow for its lameness degree. This study showed evidence that the rear of the animal could
provide more information than the front, in accordance with the fact that the majority
of causes of lameness affect the hind legs [77]. It is important to notice that irrelevant
information extracted from videos can reduce the accuracy of lameness detection: in this
regard, a Dimension-Reduced Spatiotemporal Network (DRSN) has been proposed by [78]
to manage irrelevant information and reduce its impact on the overall machine learning
algorithm performance. The location of the hooves provided with YOLOv4 has been used
as a base to obtain a spatiotemporal image from the video; accordingly, the DenseNet
algorithm performed the lameness classification on the spatiotemporal image, receiving
as output the locomotion score of the cow. This method obtained 98.50% accuracy for the
classification performed by DenseNet, proving that this method could effectively reduce
the inaccuracies leveraging a DRSN [78]. To enable individual lameness classification using
computer vision and deep learning, cameras should be placed in areas where all animals
transit daily. Therefore, the entrance or exit of the automatic milking system or milking
parlour represents the ideal location for these devices. This camera positioning can create
some problems related to the fact that along the walkway that leads inside or outside the
milking area, the cows follow one another very quickly: in this regard [79] stated that
the time interval between following animals must be at least 35 s; otherwise, the video
recording and analysis of the video frame will not give an accurate output.

Detection of the herd movement pattern can also provide information on the lying
behavior of the cows, which is a strong indicator of the level of comfort and physical health
of the herd and indirectly of the suitability of the cubicles [80]. Both welfare assessment
programs and farm managers use this parameter on a daily basis to assess animal welfare
and comfort, but traditionally the observations have been visually carried out [22], which
found no application in the context of large livestock farming as a time-consuming and
subjective activity.

Recent progress of computer vision technology makes it the right tool to obtain the
precise computation of the animal’s biomechanisms and to monitor the onset of altered
kinematic behaviours during posture transitions. Another parameter that can be monitored
to assess animal welfare and health is lying time [24]: for instance, cows that are suffering
from heat stress increase the time spent standing, negatively affecting rumination, hoof
health, and milk yield [44]. Ref. [22] proposed a 3D pose estimation software able to
compute the variation between sacrum height and withers height and therefore infer the
lying-to-standing behavior, obtaining a sensitivity of posture transition detection of 88.2%.

8. Mastitis and Milk Yield
Mastitis is a widely spread and complex disease which leads to great economic loss

and causes alterations in milk quality and yield. Nowadays the pressure on the livestock
sector to reduce the antimicrobial drugs is increasing due to the increasingly diffuse an-
timicrobial resistance; since the treatment for mastitis is the most common reason for the
use of antimicrobial drugs on dairy farms, its control is of critical importance [81]. Early
detection of health issues related to the udder is essential for the farmer to intervene on
cow feeding management or stall cleaning, with the aim of preventing a mastitis onset [82].
It has been taken into consideration that clinical and subclinical mastitis do not present
the same symptoms: the first presents phenotypic alterations that are usually visible to
the naked eye, while the second is identifiable by more subtle alterations that are not
visible [83]. The most common diagnostic methods for both clinical and subclinical mastitis
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include analysis carried out on milk, but those methods require expensive instruments, pre-
treatment processes, and qualified personnel to carry out the analysis, resulting in extended
detection periods [13]. Infrared Thermography (IRT) represents an alternative, non-contact
method [84] through which the udder’s health could be continuously monitored and in
real-time, identifying any increases in skin temperature, which indicate the presence of
inflammation [85].

IRT is considered an efficient instrument to carry on this kind of measurement, espe-
cially when combined with deep learning algorithms that enable the detection of keypoints
on the dairy cow udders reported in the thermal images in order to relate temperature and
size features and obtain an accurate mastitis detection [13,86].

In this regard, authors of [19] propose to use YOLOv5 for detection and recognition
of mastitis, based on the comparison of eye and udder temperatures: The setting of a
proper threshold for the temperature difference between these two points has been crucial
to performing an accurate detection. The threshold for the temperature difference between
udder and eye has been set at 0.8 ◦C, while the threshold between the left and right sides of
the udder has been set at 0.72 ◦C. Leveraging this method, the authors obtained a mastitis
detection accuracy of 85.71%. It must be considered that skin surface temperature can
be easily influenced by environmental parameters and that the data recorded for this
parameter can be affected by the cleanliness of the skin [13]. Ref. [13] underlines that
detection methods based on only one indicator can be limited and show less accurate
performances; instead, they propose an alternative method, combining the use of YOLOv7
with the CenterNet deep learning algorithm. The authors obtained a higher accuracy
in detecting and predicting the degree of mastitis (88.71%) by performing detection and
prediction of dairy cow mastitis leveraging two indicators: size and temperature features of
the udder, obtained by thermal images. The morphology and size of the dairy cows’ udders
have been identified as useful factors for prediction and evaluation of both subclinical
and clinical mastitis at their primal stages. Previous research showed that animals that
present specific udder attachments, heights, and widths were correlated with a greater risk
of mastitis [82,87]. Leveraging thermal images, the temperature difference between the
background and the animal can be used to analyse both morphologic and temperature
features. Milk yield is another important aspect considered by farmers when evaluating
udder health in order to consciously perform many management choices on reproduction,
such as drying off and heat detection [83]. The evaluation of this parameter is carried out
mostly at milking time, in particular by automatic milking systems [86]; nevertheless, many
barns nowadays still adopt traditional milking systems that are more unlikely to provide
individual information related to the milk yield of the cows [88].

Computer vision has found an application in this regard as a non-contact technology
that can be combined with multiple sensors for several applications. Ref. [89] proposes a
lower cost alternative compared to traditional milk yield estimation methods, that is, the
application of an infrared camera to obtain 3D space thermal images of the udder before
and after milking, and thanks to a specific algorithm, the volume of the udder could be
computed before and after the milking process. Although this method may have some
limitations in accuracy, it offers a low-cost and original approach that could be applied in
future research.

9. Social Behavior and Oestrus Detection
As highly social animals, bovines have evolved to live in groups that are regulated by

social hierarchy and different levels of association with conspecifics [90]. However, typical
dairy barn management practices provide almost continuous regrouping of the animals.
Regrouping, together with limited available space to perform social interactions, causes an
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adverse effect on cows’ welfare and productivity [91]. Current methods to monitor cows’
behavior are either wearable sensors, whose measurements and accuracy can be negatively
impacted by losses or damage, or time-consuming, as they rely on trained observers to
evaluate the recorded videos of the cows [92]. Additionally, the great amount of data
generated by sensors employed in large-scale farms increases the need for greater storage
systems that are not always easily available for the farmers [93].

To better understand social behaviours and relationships, computer vision represents
a promising and non-invasive method to analyse this topic and evaluate how the structures
and the devices present in the farm are used by the animals, such as automatic milking sys-
tems [94,95] or brushes [96]. Ref. [95] positioned the cameras to have a focus on automatic
milking systems and leveraged EfficienDet combined with a Euclidean-based tracking
model in order to work on spatial proximity between couples of animals; the CNN-based
detector allowed the recognition of each animal, and the tracking model allowed the
tracking of temporal variations in the interactions between the animals in terms of space
and time.

The analysis of time as an essential factor to track the various behaviours and in-
teractions during day and night periods has to take into consideration the variation in
light intensity in the background that increases the difficulty in the image elaboration
and evaluation [97]. To overcome this issue, Ref. [98] proposed a method that takes into
consideration different weather conditions, leveraging RGB channel synthesis technology
to simulate, for instance, different light intensities, and with this implementation, they
managed to obtain an average accuracy of 90.2% in the recognition of basic behaviours (i.e.,
eating, standing, lying, walking), and that could be further developed to recognize social
interactions between cows. Moreover, a crucial aspect to consider in behavior analysis is
the type of interaction that the animals enact, which can be either affiliative (positive) or
agonistic (negative), of which the latter usually indicates the presence of welfare issues.

Usually, cameras that focus on behavior classification are positioned in specific areas of
the barn in which aggressive behaviours are more likely to be found due to the competition
that rises between cows that are in different hierarchical positions for access to feed,
milking, or spaces. Feeding and waiting areas are places where these behaviours typically
occur [99,100]. In this regard, wearable devices can detect social interactions based on
spatial proximity but are not able to identify and classify the behavior itself. Therefore, a
system, for instance, such as Ultra-Wide Band (UWB), could be implemented together with a
CNN so that the first can be used to track the cows and the second to classify the interactions
between them [99]. An alternative method to classify cow interactions is given by [100],
which computes distances as geometric features and has investigated the alignment of the
cows’ shapes, obtaining, however, an accuracy of nearly 85%. Accuracies obtained in the
studies that focused on the recognition and classification of animals’ interactions remained
under 94%, proving the difficulty of applying computer vision methods in this field and
for this objective. The reaction to a stimulus of an animal is due to the external factors that
created the stimulus but also on the individual experience and characteristics; hence, to
recognize a single movement, the algorithms employed have to consider a range of inter-
and intra-class variability, representing a potential issue to resolve in order to improve
these technologies [97]. Further investigation is needed regarding the social interactions
and, more generally, the study of animal behavior, since it is a fundamental prerequisite for
the maintenance and optimization of health, welfare, and production of dairy cattle barns.

Another aspect that can be monitored through image processing and that could give
us information on the physiological state of the animals is oestrus. A well-structured
reproduction management strategy is crucial to ensure livestock welfare and productivity.
Incorrect oestrus identifications lead to a decrease in the reproductive efficiency of the
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cows [101,102]. Various methodologies have been employed to detect cows in heat, such as
devices attached to the tail that utilize chalk or dye; accelerometers [103] attached to collars
or pedometers [104]; and thermometers that monitor the internal temperature changes
associated with oestrus manifestation [105].

These technologies are wearable or need direct contact with the animal to record data,
causing them to be potentially stressful for the cows, and additionally, the devices that mea-
sure activity and internal temperature rely on indirect indicators of heat; hence, they could
provide false positives caused by physiological alterations different from oestrus [106]. One
of the most relevant signs of oestrus is the passive reaction of a female cow to other cows
mounting her [101], and this action can be detected through a machine-vision approach.
Ref. [106] considered as a threshold to classify a cow as in oestrus 2 s of following behavior
that evolves into 2 other seconds of mounting behavior. The authors underline the need for
an implementation of the number of indicators or thresholds to help the algorithms discern
false from true oestrus events.

10. Conclusions and Future Research Directions
This literature review has examined the implementation of deep learning models in

computer vision and machine learning techniques, focusing on the applications related to
the management of dairy cow barns, highlighting the practical impact of such innovations
in everyday farming operations.

The main conclusions of this review paper can be summarized in the following
three points:

1. Compared to traditional wearable devices, computer vision provides a stress-free,
cost-effective, and scalable method for monitoring dairy cattle. By eliminating the
risk of equipment loss or damage and avoiding direct contact with animals, it ensures
continuous data collection while safeguarding animal welfare and reducing economic
losses for farmers.

2. The integration of advanced models such as CNNs and YOLO-based architectures has
transformed what is possible in livestock monitoring. These methods enable precise,
real-time detection of subtle physiological and behavioural changes, allowing earlier
identification of health and welfare problems. In turn, this supports more accurate
decision-making, targeted interventions, and improved productivity in increasingly
large-scale dairy operations.

3. Despite remarkable advances, challenges remain in ensuring that algorithms are
robust across diverse farm environments, lighting conditions, and growth stages. To
unlock the full potential of computer vision, future research must focus on building
larger and more heterogeneous datasets, integrating multimodal data sources, and
validating systems under real-world conditions. These steps are crucial to make
computer vision a cornerstone of sustainable, welfare-oriented dairy farming.

The dairy sector faces growing challenges due to climate change and the technological
transformation of modern livestock systems. Within this context, the present review may
contribute to enhancing both welfare conditions and productivity in dairy farming.
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G.; Labokojytė, A.; Šertvytytė, G.; et al. Utilizing Noseband Sensor Technology to Evaluate Rumination Time as a Predictor of
Feeding and Locomotion Behaviors in Dairy Cows. Agriculture 2025, 15, 296. [CrossRef]

50. Guyard, R.; Delagarde, R. Grazing Time of Dairy Cows Recorded Using Two Devices Based on Accelerometers. Appl. Anim.
Behav. Sci. 2025, 283, 106515. [CrossRef]

51. Cavallini, D.; Mammi, L.M.E.; Buonaiuto, G.; Palmonari, A.; Valle, E.; Formigoni, A. Immune-Metabolic-Inflammatory Markers in
Holstein Cows Exposed to a Nutritional and Environmental Stressing Challenge. J. Anim. Physiol. Anim. Nutr. 2021, 105, 42–55.
[CrossRef]

52. Schirmann, K.; Chapinal, N.; Weary, D.M.; Heuwieser, W.; von Keyserlingk, M.A.G. Rumination and Its Relationship to Feeding
and Lying Behavior in Holstein Dairy Cows. J. Dairy. Sci. 2012, 95, 3212–3217. [CrossRef]

53. Li, J.; Liu, Y.; Zheng, W.; Chen, X.; Ma, Y.; Guo, L. Monitoring Cattle Ruminating Behavior Based on an Improved Keypoint
Detection Model. Animals 2024, 14, 1791. [CrossRef]

54. Bewley, J.M.; Peacock, A.M.; Lewis, O.; Boyce, R.E.; Roberts, D.J.; Coffey, M.P.; Kenyon, S.J.; Schutz, M.M. Potential for Estimation
of Body Condition Scores in Dairy Cattle from Digital Images. J. Dairy. Sci. 2008, 91, 3439–3453. [CrossRef]

55. Spoliansky, R.; Edan, Y.; Parmet, Y.; Halachmi, I. Development of Automatic Body Condition Scoring Using a Low-Cost
3-Dimensional Kinect Camera. J. Dairy. Sci. 2016, 99, 7714–7725. [CrossRef]

56. Bi, Y.; Campos, L.M.; Wang, J.; Yu, H.; Hanigan, M.D.; Morota, G. Depth Video Data-Enabled Predictions of Longitudinal Dairy
Cow Body Weight Using Thresholding and Mask R-CNN Algorithms. Smart Agric. Technol. 2023, 6, 100352. [CrossRef]

57. Li, W.-Y.; Shen, Y.; Wang, D.-J.; Yang, Z.-K.; Yang, X.-T. Automatic Dairy Cow Body Condition Scoring Using Depth Images and 3D
Surface Fitting; IEEE: Piscataway, NJ, USA, 2019.

58. Baltrusaitis, T.; Ahuja, C.; Morency, L.P. Multimodal Machine Learning: A Survey and Taxonomy. IEEE Trans. Pattern Anal. Mach.
Intell. 2019, 41, 423–443. [CrossRef]

59. Atrey, P.K.; Hossain, M.A.; El Saddik, A.; Kankanhalli, M.S. Multimodal Fusion for Multimedia Analysis: A Survey. Multimed.
Syst. 2010, 16, 345–379. [CrossRef]

60. Handa, D.; Peschel, J.M. A Review of Monitoring Techniques for Livestock Respiration and Sounds. Front. Anim. Sci. 2022, 3,
904834. [CrossRef]

61. Wang, M.; Li, S.; Peng, R.; Räisänen, S.E.; Serviento, A.M.; Sun, X.; Wang, K.; Yu, F.; Niu, M. Learning End-to-End Respiratory
Rate Prediction of Dairy Cows from RGB Videos. J. Dairy. Sci. 2024, 107, 9862–9874. [CrossRef]

62. de Carvalho, G.A.; Salman, A.K.D.; da Cruz, P.G.; de Souza, E.C.; da Silva, F.R.F.; Schmitt, E. Technical Note: An Acoustic Method
for Assessing the Respiration Rate of Free-Grazing Dairy Cattle. Livest. Sci. 2020, 241, 104270. [CrossRef]

63. Strutzke, S.; Fiske, D.; Hoffmann, G.; Ammon, C.; Heuwieser, W.; Amon, T. Technical Note: Development of a Noninvasive
Respiration Rate Sensor for Cattle. J. Dairy. Sci. 2019, 102, 690–695. [CrossRef]

64. Milan, H.F.M.; Maia, A.S.C.; Gebremedhin, K.G. Technical Note: Device for Measuring Respiration Rate of Cattle under Field
Conditions. J. Anim. Sci. 2016, 94, 5434–5438. [CrossRef]

65. Gade, R.; Moeslund, T.B. Thermal Cameras and Applications: A Survey. Mach. Vis. Appl. 2014, 25, 245–262. [CrossRef]

https://doi.org/10.1016/j.compag.2019.104944
https://doi.org/10.3390/ani13223451
https://doi.org/10.1016/j.biosystemseng.2015.02.012
https://doi.org/10.3168/jds.2022-22138
https://doi.org/10.1016/j.compag.2020.105345
https://doi.org/10.1016/j.compag.2016.05.015
https://doi.org/10.3390/agriculture15030296
https://doi.org/10.1016/j.applanim.2025.106515
https://doi.org/10.1111/jpn.13607
https://doi.org/10.3168/jds.2011-4741
https://doi.org/10.3390/ani14121791
https://doi.org/10.3168/jds.2007-0836
https://doi.org/10.3168/jds.2015-10607
https://doi.org/10.1016/j.atech.2023.100352
https://doi.org/10.1109/TPAMI.2018.2798607
https://doi.org/10.1007/s00530-010-0182-0
https://doi.org/10.3389/fanim.2022.904834
https://doi.org/10.3168/jds.2023-24601
https://doi.org/10.1016/j.livsci.2020.104270
https://doi.org/10.3168/jds.2018-14999
https://doi.org/10.2527/jas.2016-0904
https://doi.org/10.1007/s00138-013-0570-5


Animals 2025, 15, 2508 18 of 19

66. Wiede, C.; Richter, J.; Manuel, M.; Hirtz, G. Remote Respiration Rate Determination in Video Data Vital Parameter Extraction
Based on Optical Flow and Principal Component Analysis. In Proceedings of the VISIGRAPP 2017—Proceedings of the 12th
International Joint Conference on Computer Vision, Imaging and Computer Graphics Theory and Applications, Porto, Portugal,
27 February–1 March 2017; SciTePress: Setúbal, Portugal, 2017; Volume 4, pp. 326–333.

67. Wu, D.; Han, M.; Song, H.; Song, L.; Duan, Y. Monitoring the Respiratory Behavior of Multiple Cows Based on Computer Vision
and Deep Learning. J. Dairy. Sci. 2023, 106, 2963–2979. [CrossRef]

68. Kanade, T.; Lucas, B.D. An Iterative Image Registration Technique with an Application to Stereo Vision (IJCAI) An Iterative Image
Registration Technique with an Application to Stereo Vision. In Proceedings of the IJCAI’81: 7th International Joint Conference
on Artificial Intelligence, Vancouver, BC, Canada, 24–28 August 1981.
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