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Abstract 

Sheep management and production enhancement are difficult for farmers due to the lack of dynamic response 

and poor welfare of the sheep. Poor welfare needs to be mitigated, and each farm must receive an expert-level 

assessment of critical importance. To mitigate poor welfare, researchers have conducted machine learning-based 
studies to automate the sheep health behavior monitoring process instead of using manual assessment. However, 

failure to recognize some sheep health behaviors degrades the performance of the model. In addition, behavior 
challenges, parameters, and analysis must be considered when conducting a study based on machine learning. In 

this paper, we discuss the different challenges: what are the parameters of the sheep health behaviors, and how 
to analyze the sheep health behaviors for automated machine learning systems to be helpful in the long term? 
The hypothesis is based on a different review of the literature of precision-based animal welfare monitoring 

systems with the potential to improve management and production. 
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Sheep management and production enhancement are difficult for farmers due to the lack of dynamic response 
and poor welfare of the sheep. Poor welfare needs to be mitigated, and each farm must receive an expert-level 
assessment of critical importance. To mitigate poor welfare, researchers have conducted machine learning-based 
studies to automate the sheep health behavior monitoring process instead of using manual assessment. However, 
failure to recognize some sheep health behaviors degrades the performance of the model. In addition, behavior 
challenges, parameters, and analysis must be considered when conducting a study based on machine learning. In 
this paper, we discuss the different challenges: what are the parameters of the sheep health behaviors, and how 
to analyze the sheep health behaviors for automated machine learning systems to be helpful in the long term? 
The hypothesis is based on a different review of the literature of precision-based animal welfare monitoring 
systems with the potential to improve management and production.

1. Introduction

The sheep industry is gaining substantial benefits from the integra-
tion of automated breed identification systems. For livestock producers, 
the ability to quickly and accurately determine the various sheep’s 
within a flock is of crucial importance when assessing their economic 
value and potential. However, for many farmers, particularly those lack-
ing extensive practice and experience, identifying sheep can prove to 
be a challenging endeavor [1]. While DNA testing represents a viable 
option for breed identification [2], the real-time assessment of large 
sheep populations within production scenarios remains an unfeasible 
prospect [3]. This underscores the critical need for autonomous sys-
tems capable of proficiently and precisely identifying sheep in a farm 
environment. Understanding and monitoring sheep behavior, including 
standing, laying, and eating, is crucial for animal welfare and agricul-
tural productivity. Changes in these behaviors may indicate health or 
psychological issues [4].

Beyond the intricacies of breed identification, the lives of sheep 
are far from simple. These animals are susceptible to injuries and ill-
nesses, prompting veterinarians to employ various methods in gauging 
their levels of suffering [5,6]. However, traditional manual evaluation 
methods are time-consuming and often prone to errors. Therefore, re-
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searchers have turned to deep learning and machine learning-based 
assessment approaches to assess the health status of sheep [5,7–9]. 
Machine learning is a field of artificial intelligence that focuses on de-
veloping algorithms and models that enable computers to learn from 
and make predictions or decisions based on data, without being explic-
itly programmed. It involves training a machine to recognize patterns 
and relationships in data. While deep learning is a subfield of machine 
learning that specifically deals with neural networks composed of many 
layers, called deep neural networks. These networks are designed to 
automatically learn and represent complex patterns and features from 
data, making them particularly well-suited for tasks like image and 
speech recognition, natural language processing, and more. Notably, 
Noor et al. [7] introduced a deep learning model predicated on facial 
expressions to identify pain in sheep, while Jwade et al. [5] devised an 
autonomous system capable of distinguishing sheep within their nat-
ural habitat, achieving an impressive 95.8% prediction accuracy for 
economic valuation. Salama et al. [10] proposed an approach that uses 
deep convolutional neural networks (CNNs) and Bayesian optimization 
for parameter tuning to automatically identify sheep from images. In 
this context, it becomes evident that the accurate assessment of sheep 
health behaviors mandates the consideration of a range of challenges, 
parameters, and analysis methods, as illustrated in Fig. 1. Additionally, 
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Fig. 1. Different sheep health behavior challenges and affect the Sheep’s life.

various methodologies are outlined in Table 1, detailing the approaches 
used for the analysis, identification, classification, and detection of 
sheep health behaviors. However, these methods often lack certain pa-
rameters necessary for detecting and classifying the various behavioral 
patterns exhibited by different types of sheep.

This paper presents a comprehensive review of past research while 
introducing concrete behavioral challenges, parameters, and analyti-
cal perspectives pertinent to the evaluation of sheep health behaviors. 
Researchers embarking on machine learning or deep learning-based 
studies related to sheep health behaviors are urged to familiarize them-
selves with and adhere to these parameters. Nevertheless, they should 
remain cognizant that practical assessments might introduce distinct 
challenges.

This paper collectively demonstrates the versatility of machine 
learning techniques in addressing a multitude of sheep behavioral chal-
lenges. Moreover, we want to address and consider a comprehensive set 
of parameters and insights, challenges, and analytical methods when 
attempting to assess sheep behaviors accurately using machine learn-
ing. The rest of the paper is structured as follows: Section 2 delves into 
related works concerning sheep health behaviors assessments using ma-
chine learning and deep learning models, while Section 3 elucidates 
various parameters intrinsic to these behaviors. Section 4 outlines en-
vironmental and other challenges like genetic, followed by Section 5, 
which provides an in-depth analysis of sheep behavior. Finally, Sec-
tion 6 engages in a comprehensive discussion and conclusion, culminat-
ing in this comprehensive review.

2. Related work

The use of quantitative behavioral observations to assess sheep 
health and welfare has become a common practice. Within the sphere of 
farmers and livestock veterinarians, initial diagnoses often hinge on the 
discernment of broad behavioral alterations exhibited by the animals 
under their care [11]. Numerous studies have been conducted with the 
aim of identifying sheep behavior through classification, regression, and 
detection methodologies, as illustrated in Fig. 2. For example, Kleant-
hous et al. [12] are in the realm of advances in artificial intelligence 
using wearable sensors to discern health behaviors of sheep. Their re-
search aims to consolidate previous studies concerning the efficacy of 
various types of sensors in recognizing agricultural sheep activities. The 
paper meticulously delves into data segmentation methodologies, of-
fering insight into window size and sample rate selections. Similarly, 
Shahinfar et al. [6] focus on the early prediction of adult wool growth 
and quality in Australian merino sheep, employing machine learning 
techniques to assess the efficacy of animal husbandry practices. Mean-
while, Wang et al. [13] adopt an acoustic approach that takes advantage 
of the ability to accurately differentiate sheep activity. This enables the 
use of a wider range of factors derived from sheep health behavior to 
estimate intake, classification of behavior, and identification.

In the context of employing advanced technologies, recent advance-
ments have demonstrated their potential in sheep management. For 
example, unmanned aerial vehicles (UAVs) have been used for sheep 
counting using a region-based computational neural network (R-CNN) 
system [14]. Ma et al. [15] delve into sheep identification and location, 
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Table 1
Machine learning and deep learning frameworks for sheep health behaviors and identification, classification, and detection types.

Ref Input Data Functionality Models/Algorithms Best Output

[19] Accelerometer data Classification of Random Forest (RF), LSTM 88.0%, RF 82.5%
sheep health behaviors Short Term Memory (LSTM), F1-score: BLSTM 0.84,

Bidirectional LSTM (BLSTM) LSTM 0.83, RF 0.65
[20] Four types of Classification of Ensemble model of the Accuracy: 97.32%

Sheep breed images sheep breeds Residual Network (ResNet50)
Visual Geometry Group (VGG16)
Comparison: ResNet50,
VGG16, VGG19,
InceptionV3 and Xception

[21] Sheep faces dataset Face detection Faster R-CNN, ResNet50V2 Accuracy: 95.0%
and classification

[22] Dataset of images of Sheep UAV for livestock U-Net-MS network F1-score: 98%
from a UAV at 80 m and 120 m monitoring and detection

[23] B+LNZ dataset Predicts sheep genetic Kinship-based Face detection:
80% accuracy,

relationship from faces VGG19 CNN model kinship detection: 68%
balanced accuracy

[24] UAV Video Dataset Sheep detection from UAVs U-Convolutional Network (UNet) Precision: 96.20%,
Recall: 90.14%,
F1-score: 93.07%,
RMSE: 0.783

[25] Sheep age dataset Sheep age identification Faster R-CNN, and ResNet50V2 Two months: 95.4%
based on facial images Average accuracy,

Sheep aged 5 months:
91.3% accuracy

[26] Dataset has four classes Animal identification Inception v3 integrated 98.3% accuracy
(Himalayan bear, and classification with kNN classifier
Marco Polo sheep,
Snow leopard,
and other animals)

[27] Kaggle sheep’s dataset Different sheep classification Resnet-50, VGG-16 Resnet-50: 86% accuracy,
VGG-16: 94% accuracy

[28] Cattle and sheep images recognition and identification VGG-16 network 96.67% accuracy

Fig. 2. Sheep health behaviors analysis using different machine learning and deep learning techniques.

introducing a neural network model based on the Faster-FCNN architec-
ture with the Soft-NMS algorithm to monitor and identify sheep within 
complex rearing situations. Cheng et al. and Molapo et al. [16,17] in-
corporate YOLO v5 (You Only Look Once) into a deep learning model 
for recognizing sheep health behavior. Furthermore, Fogarty et al. [18]
conduct an investigation into feature development and machine learn-
ing algorithms to optimize the precision of behavioral categorization in 
extensively grazed sheep by using an accelerometer on the ears.

3. Sheep behavior insights

Sheep are gregarious creatures; they graze, walk, run, and sleep in 
groups. The eldest ewe is generally the driving force behind such actions 
[29,30]. Regarding sheep daily routine of foraging for food, Grazing 
animals may spend most of sheep time foraging for food, depending on 
food availability, food quality and metabolic demands. Observing the 
amount of time a sheep spends ruminating gives an indication of animal 
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welfare, but is also affected by food type and digestibility [31]. Grazing 
occurs in a regular 24-hour cycle, and most grazing occurs early in the 
morning and late in the afternoon. Several studies have emphasized the 
significance of behavior as an indication of pain in animals [32,33], and 
assessing behavior can provide further information on the condition of 
sheep. The sheep sleep for about four hours each day. Except for a few 
breeds, sheep come into oestrus when the days get shorter in the fall. 
During this time, the ewes will become more active and the rams may 
act aggressively. Lambs will reach puberty between 7 and 12 months of 
age. Sheep have a strong visual awareness, and they can recognize the 
faces of other sheep and discriminate between breed and sex, as well as 
species, based only on facial recognition [34]. Ewes utilize vocalization 
and hearing to communicate with their lambs and cope with stressful 
situations (the provision of feed or alarm). When they hear loud noises, 
they may get anxious. Sheep will undoubtedly avoid rotting feed.

4. Genetic & environmental challenges

Study of sheep welfare in farm production systems has led to a 
growing interest in the relative relevance of genetic and environmental 
components of sheep health behavior, their influence on the adaptation 
of the animal to the farm environment, and hence its welfare and pro-
ductivity [35]. In addition, the housing needs of sheep differ from those 
of small animals. It is important to remember that the sheep developed 
from a mountain-dwelling, wild variety. It is doubtful that sheep would 
suffer from low temperatures due to their rumen, an internal fermenta-
tion chamber that generates heat. The goal should be to create housing 
that resembles the outdoors without snow, wind, and rain. Clean water 
must always be provided. Several studies have found that sheep prefer 
to drink from troughs rather than buckets [29].
Moreover, behavioral indicators are extensively used in current pain 
assessment methods because they are sensitive and non-invasive mea-
surements of pain [36]. Studies of lambs that undergo tail curling and 
castration have shown pain-related behaviors, such as lip curling, shak-
ing, aberrant postures, and vocalizations [37–39]. However, on-farm 
observation of behavioral changes can take considerable time, making 
it impracticable. Furthermore, due to the variable character of sponta-
neous pain, subtler alterations in sheep behavior are more likely to go 
unnoticed [40]. Disease is a primary cause of suffering in sheep, which 
has a detrimental influence on the animals’ welfare and consequently 
impacts their production [41].

5. Behavioral analyzation

There are several significant and unexpected problems with health 
that influence the behavior of sheep. When it comes to assessing the 
health and well-being of sheep, one of the first telltale signs of a po-
tential problem, whether it affects an individual sheep or an entire 
flock, manifests itself through deviations from their typical behavior 
[42]. These distinctive behavioral anomalies encompass a spectrum of 
actions, ranging from lethargy and a waning interest in food consump-
tion to an increase in vocalization, instances of individuals isolating 
themselves from the flock, the emergence of pica tendencies, restless-
ness, and a noticeable elevation in respiratory rates [43,44], which can 
affect machine learning performance, and automated results could be 
unpredictable. Even though, within the specific conditions during the 
winter season, sheep had minimal influence on the waterway due to 
the high moisture content of the pasture, consequently leading to lim-
ited interaction [45].

Moreover, behavior stands out as an exceptionally sensitive indi-
cator that effectively reflects common welfare challenges, including 
injuries, illnesses, and lower intake levels [46]. Its diagnostic poten-
tial makes it a valuable tool for assessing the overall welfare of sheep 
using machine learning predictive models. However, given its innate 
responsiveness to physiological and emotional states, behavioral shifts 

are essential to monitor as an integral part of comprehensive welfare 
evaluations, enabling swift identification and intervention.

Even though in the context of sheep management, the presence of 
experts plays a crucial role in the achievement of successful outcomes, 
as it guarantees the preservation of the animals’ well-being as the pri-
mary goal. The animal behavior analysis experts have invested their 
time in sheep health behavior analysis for the responsibility of sheep 
care in a proactive and comprehensive approach towards managing 
the overall well-being of the sheep [47], which also helps the machine 
learning researchers conduct the experimental work [48]. The experts 
of animal science are Equipped with the capacity to identify atypical 
behaviors at an early stage and individuals who have received special-
ized training are more effective at quickly and efficiently addressing the 
root causes. By detecting anomalies in behavior, it is possible to proac-
tively tackle welfare issues before they get worse, resulting in improved 
overall health outcomes for the sheep family.

6. Conclusion and discussion

Though sheep welfare study has failed for a decade, the consensus 
is that giving animals a “natural” being with fundamental behaviors 
and adequate space, like natural farming, maximizes welfare. Engaging 
the sheep farming community with the burgeoning domain of machine 
learning and deep learning-based animal behavior analysis introduces 
captivating challenges, parameters, and analytical avenues. This re-
search advances methods for monitoring and analyzing sheep’s health 
behavior features, improving animal welfare and production. The evo-
lution of technology offers potential solutions to efficiently capture 
sheep welfare data, particularly in commercial live export contexts, de-
spite the inherent challenges posed by environmental factors. However, 
machine learning and deep learning protocols encounter hurdles, ne-
cessitating adaptable data collection systems to navigate the intricate 
landscape of sheep health behavior intricacies.

This study uncovers remarkable aspects of sheep intelligence. Quick 
response to food calls, problem-solving, name recognition, and clicker-
based training demonstrate their cognitive ability. Lambs learn to ex-
plore open spaces and follow their homes quickly. Incredibly, sheep’s 
right temporal and frontal cortex can remember human and ovine faces 
for two years. This complex learning and behavior display present chal-
lenges and opportunities for the machine learning and deep learning 
community. Precision-based behavior parameters and meticulous anal-
ysis hold the potential to forge an effective machine learning system for 
the identification of sheep health behaviors.
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