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In real-field cattle farming environments, precise cattle recognition is imperative for effective animal husbandry
practices such as monitoring individual behaviors and screening health to ensure animal welfare. Recently, data-
driven deep learning models provide efficient and non-intrusive face recognition. However, their application in
real-world scenarios presents significant challenges due to data domain drift over time, encompassing geometric
variations in face pose, illumination fluctuations, and disruptions in the background environment. To tackle
these challenges, this paper introduces a framework for cattle face recognition with innovative techniques based
on farm knowledge that guides the model’s training and inference process. First, we combine temporal and pose
alignment to mitigate the impact of geometric pose variations. Second, we employ illumination augmentation to
adapt to varying illumination conditions, bolstering model robustness. Third, we use semantic segmentation to
isolate the facial components, enhancing recognition precision and maintaining focus on facial attributes.
Empirical experiments validate our approach, demonstrating its effectiveness for real-world deployment,
ensuring robust performance across changing environmental conditions. Our model maintains high accuracy,
underscoring its reliability in managing the complexity of real-world scenarios. In summary, this paper presents a
comprehensive strategy to address domain drift challenges in cattle face recognition within extended real-world
settings, equipping the model to meet the demands of genuine cattle farming contexts effectively.

contrast, surveillance cameras offer a readily accessible solution for real-
time monitoring, though their accuracy is not always consistent (Fuentes
et al., 2023; Han et al., 2023; Qiao et al., 2023; Ter-Sarkisov et al.,

1. Introduction

Precision livestock farming (PLF) requires precise and accurate

recognition of each individual animal within a barn to enable meticu-
lous management (Li et al., 2020; Neethirajan, 2021). Commonly
employed methods include Radio Frequency Identification (RFID) and
computer vision algorithms utilizing surveillance cameras. Specifically,
RFID devices such as ear tags or collars are widely used to record cattle
identity, providing high accuracy but being constrained by environ-
mental factors (Pretto et al., 2022; Qiao et al., 2021). These limitations
primarily arise from signal interference and reliance on card reader
equipment, which pose challenges for real-time system performance. In

2017).

Recent advancements in deep learning have significantly enhanced
the accuracy of cattle recognition using surveillance cameras (Hao et al.,
2023; Khan et al., 2020). Common approaches include identifying irises
(Larregui et al., 2019), muzzle prints (Li et al., 2022a), and faces (Wang
et al., 2020; Xu et al., 2021). However, acquiring such data often ne-
cessitates a controlled collection environment, such as deploying mul-
tiple cameras to capture images from various angles simultaneously (Hu
et al., 2020) or using specialized cameras (Jaddoa et al., 2019). These
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requirements impose additional constraints on data collection and may
disrupt normal cattle activities.

In most indoor farms, surveillance cameras are mounted at elevated
positions to provide a comprehensive view of all cattle. In this setup,
face recognition emerges as the most practical and universally appli-
cable feature for identification. Consequently, cattle face recognition is
the most suitable technology for real-world cattle monitoring in such
environments.

A typical face recognition system consists of three fundamental
components: face detection, face alignment, and face recognition (Wang
and Deng, 2021). Mainstream research often focuses on these compo-
nents individually to maximize performance improvements (Chen et al.,
2022; Meng et al., 2023; Qiao et al., 2022; Yao et al., 2019). However,
this approach has a notable drawback: it complicates the full automation
of the recognition pipeline. For instance, in face recognition, state-of-
the-art algorithms frequently rely on preprocessed cattle face images
collected at specific times, training models to recognize these images.
This paradigm typically requires specialized farm setups, such as facil-
ities that restrict cattle movement (Jaddoa et al., 2019; Ruchay et al.,
2023) or extensive manual preprocessing (Meng et al., 2024; Zhang
et al., 2023). Data collected under these controlled conditions pose
several limitations in practical applications. First, such datasets lack
temporal characteristics. They usually consist of large volumes of data
randomly divided into training, validation, and testing sets, often
collected at specific times. As a result, even with a significant dataset
size, the data remain homogeneous. This homogeneity leads to a decline
in model performance when farm conditions deviate from the training
set distribution. Second, these datasets typically feature a single cattle
face per image, with the face occupying most of the frame. This setup
poses challenges for real-world deployment, as cattle move freely on
farms. Capturing constrained images of individual faces requires addi-
tional equipment, further complicating the process. These limitations
hinder the algorithm’s ability to automatically capture and recognize
cattle faces in real-world conditions, presenting significant barriers to
fully automating the entire recognition process.

Building on current research trends, we propose a new paradigm that
removes constraints on cattle face collection, enabling simultaneous
recognition of all cattle faces within a camera’s field of view at any time
of the day. To achieve this, we first construct a dataset with temporal
characteristics, capturing cattle in free-range conditions. Next, we
design an end-to-end cattle face recognition framework consisting of
three components, incorporating farm-specific knowledge to reduce
reliance on training data. This approach ensures robust model perfor-
mance even when the environmental conditions during testing differ
significantly from those in the training set.

The primary challenge in developing an end-to-end cattle face
recognition framework lies in addressing the domain drift caused by the
free-range activities of cattle. These factors introduce significant varia-
tions in the test dataset, deviating from the training dataset distribution
and consequently affecting model performance after deployment.
Frequently updating model parameters to mitigate these issues increases
manual workload. Specifically, domain drift can result from variations
in face poses caused by different barriers, changes in illumination due to
weather, and shifts in local feature attention due to specific back-
grounds. The limitations of the training datasets in capturing all po-
tential variations further exacerbate these challenges, with temporal
variations being a key driver of domain shifts in pose, illumination, and
local feature attention over time.

Other advanced cattle face recognition studies have also explored the
effects of pose and illumination variations. For example, Xu et al. (2024)
proposed an algorithm that embeds diverse pose features through
clustering, enhancing model robustness. Similarly, Ruchay et al. (2024)
applied data preprocessing techniques to normalize image illumination
before feeding data into the model, reducing the impact of lighting
conditions. While these methods have made significant contributions,
they are often constrained by upstream tasks such as face detection and
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alignment. As a result, their performance may degrade in fully auto-
mated end-to-end deployment scenarios.

To address the challenges in implementing cattle face recognition
systems, we mitigate the impact of domain drift at the data level through
knowledge and data-driven approaches. By combining farm knowledge
with data augmentation techniques tailored to the cattle farming envi-
ronment, we refine the training and inference processes of our cattle face
recognition system. This knowledge includes temporal and spatial in-
formation of cattle faces, illumination changes, and environmental
backgrounds, which are utilized as preprocessing and postprocessing
references. Together, these factors enhance the training and inference
processes, collectively improving the performance and adaptability of
our system.

This paper presents three key contributions. First, we utilize Inter-
section over Union (IoU) matching of temporal targets to track cattle
faces. Representative samples for recognition are selected from the
tracked cattle face trajectories. Using facial landmark detection faces
with five key landmarks are classified as frontal and prioritized as rep-
resentatives. When frontal views are unavailable profiles are used. This
strategy ensures the model consistently prioritizes test samples with a
spatial distribution similar to the training set, improving recognition
accuracy. Second, we mitigate the impact of illumination fluctuations on
the model by augmenting the brightness, contrast, saturation, and hue in
the training samples to cover diverse weather conditions. Although
these augmentations are only applied during training, they significantly
enhance the model’s inference performance under varying lighting
scenarios. Third, we minimize the bias of farm-specific data by
excluding such information from the model input. By segmenting the
foreground of the face and eliminating background obstacles, we
enhance the model’s integrity. This approach ensures the model con-
centrates solely on relevant facial features, regardless of farm-related
influences.

To evaluate the effectiveness of our framework, we conducted ex-
periments using a self-collected dataset comprising cattle face images
captured over three days under varying weather conditions. Subse-
quently, we designated one day’s data from this dataset for training and
used the remaining for testing. Our experiments indicate that pose
variation significantly impacts recognition accuracy, while illumination
augmentation notably improves the model’s generalization ability.
Additionally, background removal enhances the model’s reliability. Our
model achieved a mean Average Precision (mAP) of 98.0%, confirming
the feasibility of incorporating farm knowledge into a data-driven visual
framework for cattle face recognition.

Integrating farm knowledge into the framework helps to achieve
homogeneity in the distribution of training and testing data, thereby
mitigating domain shift challenges in the test set. Furthermore, this
approach reduces reliance on extensive data collection and minimizes
labor requirements. Our method offers practical advantages for
deploying precision livestock farming solutions, providing a streamlined
implementation with reduced labor costs without compromising per-
formance standards. The implementation has been made publicly
available at https://github.com/shujiejulie/An-end-to-end-cattle-face
-recognition-system.

2. Materials and methods

In this section, we provide a comprehensive description of our farm
setup, data collection methodology, and proposed framework. First, we
outline the farm environment, including key aspects such as the physical
layout and prevailing conditions. Additionally, we elaborate on the
camera setup employed, the data collection schedule, and the specific
annotation guidelines for the collected data. Following this, we intro-
duce the farm-specific knowledge and methodologies employed for face
detection, alignment, and recognition experiments.


https://github.com/shujiejulie/An-end-to-end-cattle-face-recognition-system
https://github.com/shujiejulie/An-end-to-end-cattle-face-recognition-system

S. Han et al.

Computers and Electronics in Agriculture 234 (2025) 110301

Fig. 1. Overview of the farm environment. (a) Mounting details of the surveillance camera with the barrier. (b) Perspectives from the three surveillance cameras.

2.1. Farm setup

To collect real-world cattle farm data using surveillance cameras, we
positioned 3 Hikvision (HIK) surveillance camera devices with 4 K res-
olution (3840 x 2160) within an indoor farm measuring 30 m in length
and 12 m in width (Meng et al., 2023). These cameras were strategically
placed at an elevated height, facing the feed barrier, to comprehensively
monitor cattle faces during feeding. To maximize the collection of face
data, we conducted data collection during the cattle feeding period, as
the cattle naturally protrude their heads through the barrier while
eating, thereby facilitating the acquisition of video data with a sub-
stantial number of faces. Importantly, this approach does not restrict the
movement of the cattle, as their feeding behavior occurs naturally.

As shown in Fig. 1(a), the surveillance cameras were placed 6.6 m
away from the feed barrier to avoid interfering with the cattle. Due to

Camera#1

Camera#2

the field of view limitations of each camera, every camera can monitor
only eight head spaces within the feed barrier. Each head space
measured 0.83 m in length and 0.62 m in width. To achieve broader
coverage, we deployed three cameras side-by-side, allowing us to
monitor 24 consecutive head spaces in total. However, it should be
emphasized that this coverage did not cover all head spaces within the
barn, meaning that in some cases, some cattle were occasionally outside
the camera’s view.

The barn houses a total of 17 adult beef cattle and 2 calves. The
calves were excluded from our study as they are managed under a
different system compared to the adults. In contrast, the 17 adult cattle,
as shown in Fig. 1(b), share similar body shapes and fur colors. How-
ever, their facial characteristics exhibit significant variation, including
differences in features such as horns, forehead shape, and fine-grained
fur patterns. It is worth noting that these distinguishing features

Cémera#3

Fig. 2. Cattle face annotations with bounding boxes and landmarks. The dataset used in the study includes various challenging weather conditions, including fog,

sunshine, and cloud cover.
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Table 1

Dataset Information. The values represent the appearances of cattle faces during
the selected period, with a total of 3,000 images collected from each camera (1,
2, 3).

Cattle ID Number of cattle face instances per day
November 5 November 6 November 9

Cattle#1 2959 2838 2652
Cattle#2 2000 2845 2794
Cattle#3 2874 2562 3000
Cattle#4 3000 3000 3000
Cattle#5 3405 3000 3000
Cattle#6 3000 3000 2974
Cattle#7 3000 2127 2941
Cattle#8 3000 2920 3000
Cattle#9 3000 3000 3000
Cattle#10 2923 3004 3000
Cattle#11 3000 1486 2000
Cattle#12 2948 3000 2949
Cattle#13 3465 2797 3000
Cattle#14 2930 2910 3000
Cattle#15 3303 2276 3000
Cattle#16 3000 2839 3000
Cattle#17 2966 3000 2000

extend beyond those explicitly mentioned.

2.2. Data acquisition

Following a similar farm setup, we collected two datasets from two
farms. The primary dataset serves as the main resource for training and
testing our model, with most of the experiments conducted on this
dataset. Consequently, the primary dataset consists of a larger number of
images. To ensure that our model not only maintains high performance
on the primary dataset but is also adaptable to new farm environments,
we introduced an additional dataset. Although smaller in scale, the
additional dataset encompasses diverse scene variations and is exclu-
sively used for fine-tuning to evaluate the model’s scalability.

2.2.1. Primary dataset

To build our dataset, we collected surveillance video of cattle feeding
sessions three times a day for three days (November 5, 6, and 9):
morning, noon, and evening. While the precise feeding times varied in
practice, they were approximately within the following ranges:
7:00-8:00, 11:00-12:00, and 17:00-18:00. During each of these periods,
we annotated one minute of video data from each of the three cameras,
capturing footage at 15 fps. This resulted in labeling 3,000 frames of
data for each feeding session, with a total of 27,000 frames labeled,
including bounding boxes and landmarks for the 17 cattle individuals, as
shown in Fig. 2. Fig. 2 presents a subset of the labeled data collected
across the three days, encompassing three different weather conditions:
foggy, sunny, and cloudy. November 5 featured foggy weather, while
November 6 was sunny, with sunlight reflections clearly visible on the
cattle’s bodies. On November 9, the weather was cloudy, with almost no
sunlight observed.

Following previous works (Cao et al., 2019; Hewitt and Mahmoud,
2019), we annotated a total of 11 facial landmarks on the cattle,
including the nose, mouth, eyes, bottom of the ears, top of the ears, and
bottom of the horns. However, during model training, we used only five
key landmarks: the nose, eyes, and the bottom of the ears. Our prior
work (Han et al., 2022) demonstrated that the detection of horns was
unreliable in some cases, and the mouth landmarks were prone to oc-
clusion during feeding, which made the detection less consistent. Using
these landmarks not only ensured the model’s accuracy but also
improved computational efficiency. Additionally, we annotated 300
images of cattle face masks captured on November 5. This dataset
included a total of 1,700 entities which were used to train a semantic
segmentation model designed to extract the foreground portion of the
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face accurately.

Table 1 provides a detailed summary of the dataset, where 3,000
frames per camera were captured daily. The dataset includes samples for
17 cattle, with each cattle contributing approximately 3,000 samples per
day. Variations in sample counts occurred due to the free-ranging nature
of the cattle. Some cattle were absent during the collection period,
resulting in fewer than 3000 samples, while others moved along the
boundaries between two cameras and were captured by both, leading to
more than 3000 samples. Despite this, the sample counts for each cattle
are generally balanced.

2.2.2. Additional dataset

We collected an additional dataset specifically designed to evaluate
the scalability of our model. This dataset was obtained from a new farm
and features 20 entirely new cattle, including 16 fully mature in-
dividuals and 4 juvenile individuals. The dataset offers greater envi-
ronmental diversity, with data collected during different months and
covering both daytime and nighttime conditions. The farm setup was
also adjusted, with cameras installed at relatively higher positions. The
dataset comprises a total of 2,800 images, of which only 800 were used
to fine-tune the model, enabling it to adapt to the new farm’s conditions.
This dataset primarily serves to test the model’s ability to generalize
effectively across various farms and demonstrates its practical applica-
bility. More details on the farm settings and dataset are elaborated in
Section 3.5.2.

2.3. Methods

In this section, we introduce the farm-specific knowledge utilized to
drive our algorithms, including spatiotemporal information, illumina-
tion, and background effects. We then describe the proposed framework,
which encompasses algorithmic models for detection, alignment, and
recognition. The detection phase primarily involves face detectors,
while the alignment phase incorporates modules that apply farm-
specific knowledge. In the recognition phase, we train the face recog-
nition model using augmented samples.

2.3.1. Farm knowledge

We utilized three types of farm knowledge, spatiotemporal infor-
mation, illumination variation, and background effects, to address three
challenges in real-world cattle face recognition. Specifically, our tem-
poral alignment module tracks samples belonging to the same cattle
over time by utilizing temporal context. Since cattle are usually located
near a fixed barrier during feeding, this facilitates temporal alignment.
Based on spatial information, specifically the pose of the cattle’s face,
our pose alignment module can identify easily recognizable samples to
represent the tracking trajectory for recognition. Temporal and spatial
information are employed to address challenges caused by geometric
variations in face pose, allowing for the consistent selection of samples
with specific poses for recognition.

The utilization of illumination variation primarily relied on experi-
mentation and expert knowledge. Images can be decomposed into illu-
mination and reflection components (Du et al., 2023; Wu et al., 2020),
where illumination causes variations in image brightness, and differ-
ential reflection between cattle and background causes contrast
changes. These factors significantly impact inference performance. By
augmenting training samples, the model has effectively addressed most
of the challenges caused by illumination variations. Background effects
were observed qualitatively during experiments. In data-driven
modeling, the model’s attention can sometimes shift to irrelevant fea-
tures, such as barriers and feed, which are simple and easily distin-
guishable, thus diverting attention from facial features. Therefore, a
foreground cropping module addresses this challenge. The following
section describes the quantitative and qualitative aspects of the three
types of farm knowledge applied in our work:

Spatiotemporal Information. The temporal context provides
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Table 2

Front Face Samples
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Fig. 3. Front and profile face samples used for t-SNE analysis.

3D Landmark Templates for Cattle Faces.

Landmarks Coordinates (mm)
Nose (0, 0, 0)

Left eye (45.0, 96.8, —96.8)
Right eye (—45.0, 96.8, —96.8)

Left bottom of ear
Right bottom of ear

(50.0, 106.1, —109.4)
(-50.0, 106.1, —109.4)

information about the barrier where the cattle are located, which is
relatively fixed and can be effectively utilized. However, spatial infor-
mation varies significantly with the cattle’s movements, so we focus on
analyzing the spatial variations in the cattle’s face. Cattle move freely
within the barn, resulting in domain shifts in pose across different pe-
riods. We categorize cattle faces into fronts and profiles. Fronts are
defined by the visibility of five landmarks: the nose, both eyes, and the
bottom of both ears, whereas profiles do not display all these landmarks.
Naturally, we find fronts easier to recognize than profiles.

Fig. 3 shows t-SNE analysis, derived from 45 samples randomly
selected from 17 cattle, demonstrating that fronts cluster more effec-
tively than profiles. Given the complexity of profiles, which may require
separate consideration of left and right profiles, we chose to focus on
frontal poses for reference knowledge. Frontal poses can be further
refined using the Perspective-n-Point (PnP) algorithm to estimate rota-
tion angles in 3D space. To support accurate estimation of facial rota-
tion, we refined previous work on 3D cattle facial landmark templates by
combining measurements from buffalo studies (de Melo et al., 2018)
with field measurements on beef cattle. Table 2 presents the template
coordinates of key facial landmarks relative to the nose, which serves as
the origin (0, 0, 0), specifically listing the coordinates of the eyes and
bottom of ears. These template coordinates provide a reliable reference
for analyzing and comparing the spatial positioning of these landmarks
across different cattle faces.

Fig. 4 (a) illustrates the cumulative distribution function (CDF) of
rotation variations for all fronts in the training set. Faces can rotate in
three directions in 3D space: pitch, yaw, and roll, as shown in Fig. 4 (b).
Specifically, rotations along the pitch axis are shown in blue, yaw axis in
green, and roll axis in red. We estimated the rotation ranges for pitch,
yaw, and roll to be [—55, 55|, [—10, 89], and [—65,76] degrees,
respectively. For convenience, these ranges were normalized to [—1,1].
The rotation distribution of fronts in the training set is depicted in Fig. 5,
indicating minor variations along the roll axis but significant variations
along the pitch and yaw axes, aligning with natural behaviors. Pitch
represents the up-and-down head tilt common during feeding, while
yaw corresponds to lateral head movement, frequently observed in
cattle at the periphery. Naturally, if the distribution of test fronts during
inference aligns with this pattern, it can mitigate pose domain shifts

during inference. The pose distribution of test fronts is discussed in
Section 3.3.

Illumination Changes. The first row of Fig. 6 illustrates the signif-
icant variability in cattle face illumination across different times of the
day and weather conditions, due to the diffuse reflection of fur and
lighting conditions. As a cornerstone of our approach, we primarily
focus on enhancing the brightness and contrast of training samples. The
second row demonstrates that brightness enhancement can accommo-
date a wider range of lighting conditions. We randomly enhance training
samples within a factor range of 0.5 to 1.5. The third row indicates that
contrast enhancement can accentuate or diminish certain details,
stemming from the disparate reflectance of the cattle’s face and the
background. We apply random enhancements within a factor range of
0 to 2.0. By superimposing varying lighting and contrast enhancements
on our samples, our training dataset encompasses the most common
Ilumination changes, thus mitigating the impact of illumination domain
drift during model inference.

Background effects. The barn environment, relatively uncompli-
cated, tends to facilitate the recognition of various backgrounds
compared to facial features. Fig. 7 depicts attention maps generated by
our model for face recognition. The first group (a)(b) illustrates in-
stances where two distinct cattle are misidentified due to similarities in
background features (e.g., forage shape). The second group (c)(d)
demonstrates that upon background suppression, the model’s attention
shifts to facial identity information. In (c), the frontal view emphasizes
the forehead and left eye of the cattle, while in (d), despite the less
distinct forehead of the profile view, the model still attends to the left
eye. These examples underscore how foreground extraction enhances
the model’s ability to generalize and interpret local feature attention
shifts. Leveraging this farm-specific knowledge allows us to effectively
mitigate background effects.

2.3.2. Proposed framework

The system framework is illustrated in Fig. 8. Fig. 8(a) and 8(b)
show the models that require training within the system. Fig. 8(a) pre-
sents the face detector, which takes a complete surveillance image as
input and outputs a mask, bounding box, and landmarks. We employed
the single-stage YOLOvV7-Pose (Wang et al., 2023) as the bounding box
and landmark detector, and Mask RCNN (He et al., 2017) as the mask
detector. Both detectors share the same input image, and their three
types of outputs collectively operate on the same image.

Fig. 8(b) demonstrates the training process of the ID classifier. Based
on the outputs of the face detector, the bounding box is used to auto-
matically crop face samples from the input images, landmarks are stored
as parameters for calculating cattle face pose variations, and the mask is
used to exclude background regions from the cropped face samples.
Ilumination augmentation a data preprocessing technique, generates
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angles for all samples. (b) Examples of cattle face rotations in 3D space.

Roll

Pitch

Yaw

254

054

0.0 r

I

|

30

25

0.5

samples under varying lighting conditions offline, serving as training
data for the classifier. We focused on enhancing the brightness and
contrast of the samples, with specific parameter settings detailed in the

Fig. 5. Data distribution for the three rotational directions in the training set.
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experimental section. The ID classifier is a simple classification model
consisting of a ResNet backbone and a fully connected layer for classi-
fication. Given the fixed number of cattle in our farm setup, the model’s
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Fig. 6. Impact of illumination changes on training samples. Examples of the results after applying brightness and contrast enhancement.

(b)

(d)

Fig. 7. Attention heat maps during cattle face recognition. In these maps, the model’s attention is primarily focused on the background, particularly the area of

forage with a similar shape.

output classes are directly set to 17. The ID classifier takes preprocessed
cattle face samples as input and outputs the cattle ID corresponding to
the highest confidence score.

Fig. 8(c) depicts the workflow of the model during inference. The
three outputs of the detector are used for foreground cropping, temporal
alignment, and pose alignment, respectively. Foreground cropping
masks the background and extracts facial samples based on the detected
foreground region. Temporal alignment tracks each cattle temporally
using the IoU between bounding boxes of consecutive frames. The re-
sults of cropping and tracking are aggregated into trajectories, con-
taining different facial samples of the same cattle over time. Pose
alignment classifies samples into fronts and profiles, selecting the more
easily recognizable samples to represent the entire trajectory as input to
the ID classifier for ID prediction.

Fig. 8(d) illustrates temporal alignment, where the blue bounding
box represents the detection result at time t = 0, and the yellow
bounding box represents the result at t = 1. Tracking is achieved based
on the IoU between these positions. Inspired by a tracking algorithm
called SORT (Bewley et al., 2016), we match cattle faces across
consecutive frames by comparing their positions and associating them as
part of the same trajectory. Tracking cattle faces leverages spatial
characteristics to assign temporal properties to detection results. This

approach reduces the model’s burden by eliminating the need to
recognize all faces within a trajectory, requiring only the recognition of
the “easier” ones.

Fig. 8(e) demonstrates the pose alignment workflow, where fronts
are prioritized as representative inputs to the classifier. Based on the
number of detected landmarks, samples with all five landmarks detected
are classified as fronts, while others are categorized as profiles. In cases
where fronts are unavailable or have low confidence, profiles are used
instead.

Specifically, during the training phase, the detector is trained to
detect the faces of cattle only when they extend their heads through the
barriers to eat, while all instances of cattle moving around the barn are
used as negative samples. Foreground cropping isolates the primary
objects of interest and extracts face samples by performing bitwise op-
erations between the detected masks and the original images, effectively
removing irrelevant background elements. Illumination augmentation
then generates samples with varying brightness, contrast, saturation,
and hue to support the training of the ID classifier. It is important to note
that this data includes all fronts and profiles. During training, we aim for
the model to retain the ability to recognize various pose variations,
enabling it to handle extreme situations, such as when no fronts are
available throughout an entire period. These processes significantly
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Fig. 8. Overview of the proposed framework. (a) and (b) illustrate the two modules that require training: the detector and the ID classifier. (c) presents the system’s
inference workflow, where the detector’s results are processed by three knowledge-driven modules: foreground cropping, temporal alignment, and pose alignment.
The aligned representative samples are then fed into the classifier for ID recognition. (d) details the temporal alignment process, which is based on an IoU tracker. (e)
depicts the pose alignment process, selecting representative samples from each tracked trajectory for input into the ID classifier.

enhance the accuracy and reliability of our model’s predictions, making
it well-suited for practical applications in complex and dynamic
environments.

During the inference process, unlike the random inputs used during
training, the input video sequences possess temporal characteristics.
Temporal alignment tracks the same face across frames by linking
samples with a bounding box IoU greater than 0.5 between consecutive
frames. All faces in a video are tracked frame by frame, and the results
are assigned temporary IDs. Pose alignment selects the fronts from each
trajectory as the representative for the entire trajectory. The identity
with the highest confidence score above 0.99 (Top-1) is assigned as the
ID for the entire trajectory. If there are no fronts or if the confidence
scores for the fronts are low, profiles are used instead, with the same
requirement of a confidence score above 0.99. If no samples meet this
criterion, the trajectory is marked as unrecognized (ID = -1).

3. Results

This section details the experimental setup, detection results, pose
alignment results, and recognition results of the system, followed by an
ablation study to compare the contributions of each module. The
experimental setup details the deep learning models and training stra-
tegies selected for our main modules. The detection results are derived
from an independently trained detector, which provides ample samples
for subsequent detection. The distribution of fronts rotation confirms the
reliability of our standard, using five visible landmarks to define a front.
The recognition results represent the system’s final outcomes, encom-
passing all farm knowledge and data-driven modules. We use a baseline
model that does not incorporate farm knowledge and directly identify all
cattle faces in each frame. To highlight the importance of each module,

we evaluate the performance of modules in the ablation study. Temporal
and pose alignment enhances recognition performance directly during
inference, while foreground cropping and illumination augmentation
require model parameter training.

3.1. Experimental setting

To enable long-term cattle recognition, it is important to consider
that environmental variations in the data across different days and times
may influence the model’s performance. To assess the impact of these
environmental changes on our dataset, we adopted a specific approach.
Data from November 5 were designated as the training set and valida-
tion set for training all system modules, while data from November 6
and November 9 were used as testing sets. The training set consisted of
7,200 frames captured during the morning, noon, and afternoon, with
1,800 frames allocated as the validation set. Additionally, 9,000 frames
from each of the two test days were set aside for testing.

This unconventional data partitioning approach was designed to
demonstrate that our method does not rely heavily on the training data.
By adopting a knowledge- and data-driven strategy, the model leveraged
farm knowledge to identify samples with temporal invariance from a test
dataset that was twice the size of the training set. These samples, which
shared a similar distribution with the training set, were accurately
identified, showcasing the practicality and scalability of our method.

To implement the detection function within the system, we
employed two models. YOLOv7-Pose was used to detect the bounding
box and landmarks of faces, trained on the aforementioned 7,200
frames. Image augmentations such as rotation, translation, scaling,
shearing, and flipping were applied during training as preprocessing
steps to enhance detection stability. These techniques enabled the model
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Table 3
Cattle Face and Landmark Detection Results.
Detection mAP50 mAP50:95 mAR50:95
(%) (%) (%)

Face Faster R-CNN (Ren 98.9 77.0 81.9
et al., 2015)
FreeAnchor (Zhang 98.6 76.8 83.0
et al., 2019)
Dab-DETR (Liu et al., 98.9 75.5 82.2
2022)
DINO (Zhang et al., 98.9 79.8 86.4
2022)
YOLOv7-Pose 98.7 78.2 96.6

Landmarks ~ CPM (Wei et al., 96.6 51.1 61.3
2016)
IPR (Sun et al., 2018) 95.2 44.6 61.4
LiteHRNet (Yu et al., 96.8 53.0 61.3
2021)
SimCC (Li et al., 96.7 50.2 61.1
2022b)
YOLOvV7-Pose 97.0 52.4 67.0

to detect faces in various poses, generating sufficient samples for sub-
sequent modules. Mask-RCNN was used to extract the foreground region
of faces, with a pre-trained model fine-tuned using 300 face mask im-
ages. Both detectors were trained using the SGD optimizer, with learning
rates set to 0.00001 and 0.0025, respectively.

The ID classifier serves as the recognition module, comprising a
ResNet100 backbone (He et al., 2016) and a Partial FC classification
layer (An et al., 2022). The training data consists of 45,229 face samples
derived from the detector’s results, covering 17 categories. Illumination
augmentation techniques—including random adjustments to brightness,
contrast, saturation, and hue—were applied with random seeds of 0.5,
1.0, 0.2, and 0.1, respectively. The classifier was trained using the
ADAM optimizer with a learning rate of 0.001.

3.2. Detection results

Table 3 showcases the performance of the detection algorithm in
precisely detecting cattle faces within our dataset. Face detection per-
formance is evaluated based on Intersection over Union (IoU) precision,
while landmark detection is assessed using Object Keypoint Similarity
(OKS). In this evaluation, the model’s prediction is considered correct if
the IoU or OKS between the prediction and ground truth meets or ex-
ceeds 0.5. To compute the mAP at IoU threshold 0.5-0.95 (mAP50:95),
we calculated the average precision across all results ranging from IoU
or OKS thresholds of 0.5 to 0.95.

As shown in Table 3, face detection and landmark detection are
typically performed by separate models. However, YOLOv7-Pose is
capable of detecting both simultaneously, significantly reducing the
computational cost of model deployment. Moreover, YOLOv7-Pose
achieves accuracy comparable to other state-of-the-art detection
models, achieving the highest mAP50 of 97 % in landmark detection.

amera#1

Camera#2
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While the precision slightly decreased with a higher threshold, face
detection remained above 78%, and landmark similarity showed greater
sensitivity to threshold variations compared to face detection. For the
cattle face alignment task, the primary role of landmark detection was to
differentiate between fronts and profile views. Thus, using a threshold of
0.5 to assess the landmark predictions proved to be sufficient for this
purpose. Our algorithm consistently delivered promising results, accu-
rately detecting nearly all cattle faces regardless of their pose, providing
a substantial number of samples for downstream tasks.

Fig. 9 illustrates the results from the detection model, which directly
outputs bounding boxes and landmarks for cattle faces. Ground truth
annotations are shown in green, while the model’s predictions are
marked in orange. The confidence scores of the predictions are indicated
by orange numbers. Observations reveal that predictions with confi-
dence scores of 0.9 closely align with the ground truth annotations. This
demonstrates that the model’s high-confidence predictions accurately
correspond to the actual cattle face locations and landmarks, indicating
accurate performance.

3.3. Pose alignment

Initially, we assessed the feasibility of pose alignment by calculating
the distribution of front rotations using ground truth landmarks from the
training set. Similarly, we estimated the distribution of front rotations in
the test set based on the detector’s output. The results are shown in
Fig. 10.

The frequency distribution histograms of the samples of the training
set (November 5) and the test sets (November 6 and 9) across the three
rotational directions indicate that both the training and test sets exhibit
similar distributions. This demonstrates the viability of using five
landmarks as a criterion for selecting frontal faces is feasible, allowing
our model to operate within the same data domain. Consequently, this
confirms that the training set positively influences system inference.

3.4. Recognition results

In this section, we validate the training results of the ID classifier.
Fig. 11 presents the training and validation accuracy, along with the loss
curves, for the ID classifier. The ID classifier is trained on cropped face
samples, with the output being their corresponding IDs. As shown in
Fig. 11, the ID classifier achieves 100 % accuracy on the training set, but
the highest accuracy on the validation set is just above 80 %. This in-
dicates a significant difference in data distribution across different time
periods in our dataset, though the model does not exhibit overfitting.

It is important to note that the cattle face recognition system does not
produce a single cropped face as its final result. Instead, it generates
multiple results, including face IDs, locations, and landmarks derived
from detection. To comprehensively evaluate the performance of the
complete end-to-end framework, we use both classification and detec-
tion metrics. For classification metrics, we directly calculate the Average
Precision (AP) for each category during the corresponding period and
plot the Receiver Operating Characteristic (ROC) curve for each cate-
gory. For detection metrics, we use the COCO metric to evaluate the

s Im==E

Camera#3

Fig. 9. Example output of YOLOv7-Pose. The output includes bounding boxes and landmarks, where green indicates the ground truth and orange represents the

predictions.
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Fig. 11. Performance analysis of the ID classifier. Training and validation accuracy and loss are tracked over 30 epochs.

model’s performance and analyze the impact of temporal domain shift
on the model across different periods.

Table 4 presents the recognition AP for each category over the cor-
responding periods, showing that the majority of cattle were recognized
with high accuracy, with AP values approximating 99 %. However, there

10

were few exceptional cases: cattle#11 did not engage in feeding during
the periods 11.06-morning and 11.09-noon, leading to recognition re-
sults of None. A similar situation was observed for cattle#17 during
11.09-afternoon.

Only a few cattle showed AP values below 95%, including cattle#5
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Table 4
AP results for each cattle in each time period.
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Monitoring time  Cattle IDs

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17
11.06-morning 1.0 1.0 1.0 1.0 0917 1.0 1.0 0999 1.0 0.999 None 0.98 1.30 0.998 1.0 0996 1.0
11.06-noon 0.996 0988 0995 0.999 1.0 1.0 1.0 1.0 1.0 0818 0.5 0.999 1.0 1.0 0.996  0.971 1.0
11.06-afternoon 1.0 1.0 1.0 1.0 1.0 1.0 0.995 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 0.94
11.09-morning 0.999 1.0 1.0 1.0 1.0 0.986 1.0 1.0 1.0 088 1.0 1.0 0.997 1.0 1.0 1.0 1.0
11.09-noon 0.999 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 None 0.855  0.851 1.0 1.0 1.0 1.0
11.09-afternoon 0.997 0994 1.0 1.0 1.0 0.856 1.0 1.0 1.0 0999 0.658 1.0 1.0 1.0 0.996 1.0 None

——
2 TUE™T7 21715

’—" =]
|‘§6‘!-'-' .1 e 17:2

Fig. 12. Demonstration of unsuccessful cases in the cattle face recognition system, with dashed boxes representing ground truth and solid boxes showing prediction
results. (a) shows cases of failed detection, while (b) illustrates incorrect recognition results.

on 11.06-morning, cattle#6 on 11.09-afternoon, cattle#10 on 11.09-
morning, cattle#10 and #11 on 11.06-noon, cattle#11 on 11.09-after-
noon, cattle#12 and #13 on 11.09-noon, and cattle#17 on 11.06-after-
noon during specific periods. Two primary reasons account for this

11

phenomenon. First, some cattle appeared at the edges of the camera’s
field of view, causing them to move their faces out of sight while feeding,
resulting in missing facial features, similar to occlusion. Second, a few
cattle exhibited significant movement while feeding, potentially
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Fig. 13. The system’s recognition results are illustrated with two examples. (a) shows the recognition results within the same camera’s field of view during the same
time period, while (b) presents the results across different camera fields of view during the same time period.

crossing between camera fields. For example, cattle#11 had an AP of
only 0.5 during 11.06-noon, due to this behavior. As it moved from
camera#2 to camera#3, it was misrecognized in camera#3 but accu-
rately recognized in camera#2, resulting in an average AP of 0.5. These
cattle face images contained some occluded samples due to the limita-
tions of the camera’s field of view, which represents a special case not
covered by our recognition system. However, overall, these special
samples did not significantly impact the model’s performance, as sam-
ples with severe occlusion were identified as —1.

Fig. 12 presents examples of typical misrecognitions, corresponding
to the low recognition performance of cattle#11 on 11.09-afternoon as
shown in Table 4. In the figure, red dashed lines indicate the mis-
identified cattle and their corresponding ground truth IDs. In Fig. 12(a),
the ground truth for cattle#11 was not detected, resulting in failure to
recognize it. Meanwhile, cattle#17, which exposed only a very small
portion of its face, was detected. However, such samples cannot be
correctly identified by the system as they lack sufficient facial features
for reliable recognition. These errors stem from inaccuracies in the de-
tector. Fig. 12(b) shows cases where two cattle were assigned an ID of
—1. This occurred because, although the detector successfully identified
the cattle, the detected samples could not be assigned to an ID by the ID
classifier with high confidence, leading to their classification as —1.
These errors are due to inaccuracies in the ID classifier. In summary, all
such errors occurred at the edges of the camera’s field of view, where
significant loss of facial features led to these misidentifications.

Some qualitative recognition examples are also shown in Fig. 13,
illustrating instances of misidentified cattle during the same period. (a)
demonstrates the misrecognition of cattle#6 within the same camera’s
field of view. Due to its position at the edge of the field, significant head
movements cause a large portion of its face to leave the camera’s view.
This leads to an interruption in the tracking trajectory, and when the
face reappears, it is tracked as a new trajectory. However, the samples
within this new trajectory are heavily occluded, leading to mis-
recognition. (b) illustrates another scenario where the interruption of
tracking due to cross-camera movement results in recognition errors.
Cattle#11 moves from the field of view of camera#2 to the edge of
camera#3. For similar reasons, the samples of cattle#11 in camera#3's
view are occluded and misrecognized as #15. Due to the lack of cross-
camera synchronization in our system, the misrecognition of cattle#15
in camera#3 was still accepted by the system, despite the correct
identification of #15 in camera#2.

The ROC curve in Fig. 14 shows similar results, calculated by
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Fig. 14. The ROC curves for the ID classification results of each cattle, where a
curve closer to 1.0 indicates better performance.

Table 5
Cattle face recognition involves providing quantitative results for specific pe-
riods as well as an overall average.

Models mAP50 mAP75 mAP50:95 mAR
(%) (%) (%) (%)
Baseline 55.13 53.76 42.04 44.51
VGGFACE2(Ruchay et al., 62.28 55.95 44.99 48.20
2024)
MobileFaceNet (Xu et al., 63.12 57.44 45.84 50.27
2024)
Ours-top-n 94.72 87.54 69.12 73.79
Ours-top-1 98.0 90.01 71.17 75.3
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Fig. 15. Radar charts of COCO evaluation metrics for each time period.

aggregating the recognition results for all periods over two days. Cattle
at the edges of the camera’s field of view, such as cattle#10 and #11,
showed performance degradation, while cattle in the middle of the field
of view generally exhibited good performance with an area under the
curve close to 1.

To highlight the model’s ability to effectively detect faces, we eval-
uated it using mAP and mean Average Recall (mAR) object detection
metrics. The quantitative results are shown in Table 5, presenting the
average outcomes for all video inputs for all models. The baseline rep-
resents the workflow without any knowledge-utilizing modules, using
the ID classifier to directly recognize cattle face IDs without foreground
cropping, illumination augmentation, or alignment.

Our method (ours) has two versions, with the primary difference
being the selection of representative samples in the trajectory: ours-top-
1 selects the single representative sample with the highest confidence,
assigning its recognized ID to the entire trajectory, while ours-top-n
selects the most frequently recognized ID among all representative
samples, with n indicating the number of representative samples in the
trajectory, which varies dynamically.

Additionally, our method was compared with other state-of-the-art
cattle face recognition models. We selected two recent models,
VGGFace2 and MobileFaceNet, as they were pretrained on human face
datasets. However, direct performance comparisons are challenging due
to differences in the cattle face dataset and the upstream tasks, including
detection, alignment, and preprocessing. To ensure a fair comparison,
we replaced the ID classifier in our framework with the VGGFace2 and
MobileFaceNet models, while keeping the outputs of the upstream tasks
consistent.

As a result, the baseline, VGGFace2, and MobileFaceNet rely solely
on data-driven approaches, which makes their performance suboptimal
when the test and training datasets exhibit different distributions.
Nevertheless, compared to the baseline, VGGFace2 and MobileFaceNet
show noticeable improvements, demonstrating the benefits of pre-
trained models and targeted preprocessing.

Compared to the baseline, ours-top-1 improved performance by

13

42.87% in mAP50, with at least a 29.13% enhancement in other metrics.
This improvement is attributed to the knowledge-driven contributions.
Foreground cropping and illumination augmentation ensure the trained
model can handle various scene changes and lighting conditions.
Tracking facilitates the selection of more easily recognizable samples,
which serve as the ID for the entire trajectory. The benefits are evident:
directly recognizing all samples with the model would lead to errors due
to the presence of more challenging samples. Detailed comparative re-
sults across different times and dates are shown in Fig. 15, demon-
strating that ours-top-1 significantly outperforms the baseline. The radar
chart for the baseline reveals that data from November 9 is relatively
easier to recognize than that from November 6, with the highest accu-
racy achieved during 11.09-noon but poor performance during 11.06-
noon. This indicates the baseline’s instability over time, a problem our
model effectively addresses by showing consistent performance across
six different periods, including the challenging 11.06-noon. The mAP50
radar chart for our model approximates a regular hexagon. From this
analysis, it is evident that leveraging temporal and pose alignment can
greatly enhance model performance without the need for additional
parameter training.

3.5. Ablation study

In the ablation study, we evaluated the effectiveness of our model
from two perspectives. First, Module Analysis was conducted to compare
the contribution of each module to the model. The results demonstrated
that all modules significantly enhanced the model’s performance. Sec-
ond, the Generalization Study was carried out to assess the generaliz-
ability of our model across different farms. The experiments showed that
with minimal fine-tuning, our model could effectively adapt to new
entities in a new farm environment.

3.5.1. Module analysis
The ablation study aims to evaluate the impact of each module on the
system workflow, including foreground cropping (FC), illumination
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Table 6
Performance Results of Different Modules in the System.
Models mAP50 mAP75 mAP50:95 mAR fps
(%) (%) (%) (%)
BL 55.13 53.76 42.04 44.51 13
BL + FC 63.55 62.08 48.34 51.02 8
BL + FC + 1A 82.17 78.82 61.34 66.17 8
BL+FC+ 1A +TA 97.67 89.66 70.84 74.94 10
BL + FC +1IA +TA 90.95 83.57 66.07 69.84 13
+ FF
BL+FC+1A +TA 98.0 90.01 71.17 75.3 13
+ FF + PF

augmentation (IA), temporal alignment (TA), and pose alignment. It is
important to note that there are two different scenarios for pose align-
ment: First, using only selected fronts as trajectory representatives
(denoted as FF). Second, using profiles (denoted as PF) when no fronts
are selected or when their confidence is below 0.99. Among these
modules, FC corresponds to the model’s ability to mask cluttered
backgrounds, IA corresponds to its ability to handle illumination vari-
ations, and the combination of TA, FF, and PF corresponds to its ability
to manage pose variations.

Table 6 shows that FC slightly improves model performance but in-
creases system runtime due to the additional computational overhead
from mask detection. Additionally, incorporating the IA module signif-
icantly enhances performance, indicating that illumination variation
over time and domain shifts are major factors affecting model perfor-
mance. Applying TA results in a further significant performance boost
since all faces in the trajectory are recognized, and the highest confi-
dence sample is selected. Compared to not using TA, the system’s fps is
increased to 10. Without TA, the ID classifier can only identify samples
frame by frame. However, with TA, the samples from all frames are
aggregated before inputting them into the classifier, reducing the
number of classifier invocations and thus improving the runtime. In
contrast, applying TA + FF accelerates the computation speed to 13 fps,
similar to BL, but leads to performance degradation. This decline in
performance is due to a significant portion of the samples being ignored,
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as some cattle might not show their front faces for extended periods.
When using TA + FF + PF, system performance reaches a peak of 98.0%
while maintaining a speed of 13 fps. This confirms that prioritizing
fronts enhances accuracy, while supplementing with profiles increases
robustness. Furthermore, because TA + FF + PF sets priorities, the
model operates faster.

Fig. 16 illustrates a comparative example of using TA + FF + PF
versus not using it. The x-axis represents the video frame sequence (1 to
1000), while the y-axis represents the recognized cattle ID (1 to 17).
With TA + FF + PF or TA + FF, the model consistently recognizes the
target cattle#9 throughout the video sequence. Without any alignment
(BL + FC + IA), the model makes multiple errors throughout the video,
often misidentifying the target as #13. Therefore, using the top-1 ac-
curacy of representative samples as the recognition standard proves
beneficial.

3.5.2. Generalization study

To evaluate the generalizability of our method across different farms,
we tested it on the additional dataset collected from another farm. This
dataset primarily enhances the diversity of the data. It includes four
barns and a total of 20 cattle. The data collection spans a wider range of
time, covering July, August, September, and December. The dataset

Table 7
Performance Results of the Additional Dataset. Characteristics represent the
distinct variations in each segment of data.

mAP50
(%)

81.5

mAP75
(%)

mAP50:95
(%)

mAR
(%)

Characteristics

July Morning — Adult 42.89
Individuals

August Morning — Juvenile
Individuals

September Afternoon —
Adult Individuals

December Evening — Adult
Individuals

27.06 37.05

73.58 40.19 40.87 45.15

99.43 45.86 51.69 59.28

94.52 48.34 50.92 56.6

Predicted IDs

mmmm BL+FC+IA+TA+FF+PF
m— BL+FC+IA+TA+FF
—— BL+FC+IA

=

0 200 400

600 800 1000

Frame

Fig. 16. An example illustrating the role of temporal and pose alignment during inference. The plot shows the recognition results for cattle #9, with the x-axis
representing video frame numbers and the y-axis representing the predicted cattle ID.
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Fig. 17. Quantitative representation of recognition results on the additional dataset. (a) shows the results on July Morning — Adult Individuals data, (b) shows the
results on August Morning — Juvenile Individuals data, (c) shows the results on September Afternoon — Adult Individuals data, and (d) shows the results on

December Evening — Adult Individuals data.

features a larger number of cattle, comprising fully mature individuals
as well as juvenile individuals. Additionally, the environmental varia-
tions are more extensive, incorporating both daytime and nighttime
scenarios. Our method was fine-tuned only on the additional dataset
without extensive training. The ratio of images in the fine-tuning set to
those in the validation set is 2:5, maintaining the characteristic of
requiring minimal training data.

Table 7 presents the quantitative results of our method on the
additional dataset. When evaluated with a relatively lenient metric, such
as mAP50, the model demonstrates strong performance. However, as the
mAP threshold increases, the model’s performance declines signifi-
cantly. This decline can primarily be attributed to the reduced effec-
tiveness of the detector. As illustrated in the qualitative results in Fig. 17,
the model is able to accurately identify the IDs of most cattle, with only
one error observed in (b), where two juvenile cattle were misidentified
as ID #6. However, the bounding boxes exhibit noticeable inaccuracies,
particularly for cattle#2, #17, #19, and #20.

These observations indicate that, within our method, the detector is
more sensitive to data variability compared to the ID classifier, and thus
the dependency on data cannot be entirely eliminated. Nevertheless, the
process of fine-tuning the model remains relatively straightforward. Our
method demonstrates robust adaptability to diverse and complex con-
ditions, such as varying camera perspectives, different times of day, and
the introduction of new cattle in a novel farm setting. Particularly in
scenarios where high precision is not strictly required, the model
maintains a high level of accuracy. These findings underscore the
method’s capacity to accommodate a wide range of variations in cattle
farms, thereby affirming its generalizability and practical applicability.
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4. Discussion

Through the combination of farm knowledge, including temporal
and pose alignment, illumination augmentation, and semantic seg-
mentation, we achieved promising cattle face recognition performance
across extended time spans. Notably, alignment techniques and illumi-
nation augmentation yield substantial enhancements to the model’s
performance. These techniques imposed a consistent domain for data
from different dates, greatly enhancing the model’s training efficiency.
Additionally, the extraction of foreground via the semantic segmenta-
tion algorithm not only improved recognition performance but also
maintained the model’s focus on facial recognition rather than back-
ground elements, ensuring its integrity. Collectively, these methods
enhanced the model’s robustness and generalizability.

Nonetheless, our system still has limitations, as we have not fully
utilized all available farm knowledge. For instance, knowing that some
cattle cannot appear in two places at the same time could be used to
synchronize the IDs of cattle moving across cameras, thereby preventing
errors like the one shown in Fig. 13(b). Another example is the dynamic
nature of the herd, where some cattle leave and new ones join. In these
cases, identifying and storing new IDs, along with establishing an indi-
vidual information database, is a crucial approach for future research.
These methods would allow the cattle population on the farm to expand,
enabling the model to recognize more than just 17 cattle. Additionally,
they would improve the model’s generalizability, ensuring stable per-
formance across different farms and varying camera angles. This would
enable the model to adapt to the constantly changing cattle population
and accurately reflect real-world working conditions. Advancing our
system in this direction is expected to lead to more comprehensive and
effective recognition results.
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In summary, our framework has proven to be an adaptable solution
that is both easy to deploy and update. Its functionality relies solely on
computer-based operations, minimizing interference with the routine
activities of the cattle.

When deploying the model in practical applications, it is essential to
balance computational efficiency and accuracy. If the deployment
environment is similar to our farm or constraints are limiting the
number of cattle to be identified at a time, it is recommended to prior-
itize higher accuracy settings. Even if system delays occur due to
computational load, tracking cattle can be easily resumed since the
number of cattle is relatively small. Conversely, if the number of active
cattle on the farm significantly exceeds our setup, prioritizing compu-
tational efficiency is advisable to prevent the system from missing de-
tections due to delays. In such cases, skipping modules like FC, FF, and
PF can improve computational efficiency. However, skipping IA and TA
is not recommended, as these modules have a greater impact on the
model’s performance.

In the future, observing and utilizing more farm knowledge,
continuing to address the limitations encountered in practical applica-
tions, collecting more data, expanding the cattle population, and further
improving the system’s operational efficiency are all meaningful di-
rections for exploration.

5. Conclusions

Recognizing cattle faces in real-world scenarios poses intricate
challenges due to the presence of complex constraints such as pose
variations, changes in illumination, and background influences. These
factors collectively contribute to reducing the generalizability of
recognition systems. In this paper, we proposed novel methodologies to
address these challenges. Specifically, we advocate for aligning pose
through tracking, countering illumination impacts via data augmenta-
tion, and isolating the foreground using semantic segmentation. These
techniques together helped restrict the sampling environment to real-
world conditions, enabling the training of cattle face recognition sys-
tems with enhanced generality. Notably, our approach achieved an ac-
curacy of 98.0%, even with a 5-day time gap between the training and
test sets. This remarkable consistency underscores the system’s

Appendix:. COCO evaluation metrics
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robustness and reliability in real-world environments, further demon-
strating its efficacy in tackling complex and dynamic scenarios.
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COCO evaluation metrics rely on Mean Average Precision (mAP) and Mean Average Recall (mAR) to assess model performance in object detection
and keypoint detection tasks. The following sections detail the calculation methods and corresponding formulas.

1. Object detection

1.1. Intersection over Union (IoU)

IoU measures the overlap between a predicted bounding box and a ground truth box. It is defined as:

ToU — onerlap

union

where Ageriqp is the area of the intersection between the predicted box and the ground truth box; Aunion is the area of their union. A prediction is
considered correct if the IoU exceeds a specified threshold (e.g., 0.5 or 0.75).

1.2. Mean Average precision (mAP)

1.2.1. Per-Class Average precision

For a specific class c, the Average Precision (AP) at a fixed IoU threshold is calculated as:

1
APy =17, Pe(r)
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where P (r) is the precision for class ¢ at recall r; .% is the set of sampled recall values from 0 to 1.
1.2.2. Overall mAP
The mAP at a specific IoU threshold is obtained by averaging the AP over all classes:
1

Ne
mAPy = N AP ol
c

where N, is the total number of classes.
1.3. Evaluation metrics used in this study

— mAP50: mAP computed at IoU = 0.5.
— mAP75: mAP computed at IoU = 0.75.
— mAP50:95: mAP averaged over IoU thresholds from 0.5 to 0.95 (in steps of 0.05).

0.95

1
mAP50 : 95 = EZ mAP,y

ToU=0.5

1.4. Mean Average recall (mAR)

The mAR measures the model’s ability to detect ground truth instances under different recall conditions. For a specific class c, the Average Recall
(AR) is calculated as:

1
AR(c) = ﬁzmyg& (IoU)

where .7 is the set of IoU thresholds (e.g., {0.5,0.55, -+, 0.95}); R.(IoU) is the recall for class c at a given IoU. The overall mAR is then averaged across
all classes:

1
mAR = N, ,AR(c)

2. Keypoint detection

2.1. Object keypoint similarity (OKS)

The OKS measures the similarity between predicted keypoints and ground truth keypoints, defined as:

d:

> {exp( - 252;) S(v; > 0)}
oS = > 60 > 0)

where d; Euclidean distance between the predicted and ground truth keypoints; s area of the bounding box of the object; k; normalization factor for
each keypoint; v; visibility flag of the keypoint (v; > 0 indicates visibility); §(v; > 0): indicator function that evaluates to 1 if v; > 0 and 0 otherwise.

2.2. Mean Average precision (mAP)
2.2.1. Per-Class Average precision
For a specific class c, the AP at a fixed OKS threshold is:

1
APy = @erl’c(r)

2.2.2. Overall mAP
The mAP at a specific OKS threshold is calculated as:

1 N
— E ¢ (¢)
TnAPOKs = Nc c:lAPOKS

17
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2.3. Evaluation metrics used in this study

— mAP50: mAP computed at OKS = 0.5.
— mAP75: mAP computed at OKS = 0.75.
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— mAP50:95: mAP averaged over OKS thresholds from 0.5 to 0.95 (in steps of 0.05).

0.95

mAP,
OKS=0.5 OKs

1
mAP50: 95 = 0%

3. Precision and recall

Precision quantifies the proportion of correctly predicted instances among all predicted instances:

p—_TP
TP + FP

where TP is true positives; FP is false positives.

Recall quantifies the proportion of correctly predicted instances among all ground truth instances:

TP
R_TP+FN

where FN is false negatives.
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