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 A B S T R A C T

Identifying individual Hanwoo cattle automatically is particularly challenging: Hanwoo cattle exhibit highly 
similar visual characteristics, and unlike pedestrian re-identification, cattle undergo dramatic changes in 
appearance and scale as their poses and camera viewpoints vary. To address these challenges, we introduce 
HanwooReID, a large-scale multi-view dataset collected on real farms, comprising 9,929 images of 31 cattle 
captured under diverse viewpoints, poses, and lighting conditions. Building on this dataset, we propose a 
transformer-based framework that integrates a pose-guided heatmap encoder (PHE) to focus attention on 
identity-relevant regions and a viewpoint-constrained retrieval (VCR) strategy that projects hoof keypoints onto 
a bird’s-eye view (BEV) plane to estimate cattle orientation. This BEV-based orientation estimation effectively 
filters out gallery candidates with inconsistent viewpoints, substantially improving matching accuracy under 
severe pose and view variations. Extensive experiments on both closed-set and open-set protocols show that 
our method outperforms existing baselines, achieving up to 7.4% and 6.8% improvements in mean Average 
Precision (mAP), respectively, demonstrating its effectiveness for precision livestock farming.
1. Introduction

In modern livestock farming, daily monitoring of cattle herds is a 
critical component for ensuring animal health and improving farming 
efficiency. By continuously tracking the behavior, health status, and 
growth of individual cattle, farmers can promptly detect abnormali-
ties and take appropriate interventions, thus reducing economic losses 
and optimizing management practices. Traditional cattle management 
methods primarily rely on manual tagging or electronic ear tags (Pretto 
et al., 2024; Chang et al., 2022; Simanungkalit et al., 2021; Awad, 
2016) to distinguish individuals, but these methods suffer from issues 
such as tag loss, high maintenance costs, and potential interference with 
natural animal behavior.

With the rapid advancement of computer vision technologies in re-
cent years, image-based individual re-identification (ReID) has emerged 
as a promising approach for automated cattle management. ReID en-
ables cross-time and cross-camera identification and tracking of the 
same individual without relying on physical tags, significantly enhanc-
ing the level of intelligent management in cattle farms (Ye et al., 2024). 
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Particularly in real-world scenarios, where tracking continuity may 
be interrupted by occlusion or camera switching, ReID modules can 
re-associate lost targets and maintain effective monitoring.

Existing animal ReID methods can be broadly categorized into two 
types: local feature-based methods and global feature-based methods. 
Local feature-based approaches leverage fine-grained details such as 
facial patterns (Lin et al., 2024; Bergamini et al., 2018; Bergman et al., 
2024) or nose prints (Kumar and Singh, 2020; Dulal et al., 2025) for 
individual distinction, achieving high accuracy under ideal conditions 
but requiring high-quality close-up images, which are difficult to obtain 
consistently in farm environments. In contrast, global feature-based 
methods (Moskvyak et al., 2021; Wang et al., 2021) model the overall 
appearance of individuals, making them more practical for handling 
diverse viewpoints and pose variations. However, global methods still 
face challenges when dealing with cross-camera appearance changes, 
significant pose variations, and high inter-individual similarity.

Hanwoo cattle pose unique challenges for ReID due to their subtle 
and indistinct texture patterns across viewpoints. Unlike dairy cows, 
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which often have pronounced markings that aid in identification, Han-
woo cattle lack clear discriminative textures. Moreover, their appear-
ance changes substantially between viewpoints, including significant 
variations in aspect ratio, making it difficult to extract robust and 
consistent features for accurate cross-view identification. These chal-
lenges are further exemplified in our dataset, which exhibits large 
appearance variations and spatial changes across viewpoints for the 
same individual, as illustrated in Fig.  1.

To address these challenges in Hanwoo cattle, which exhibit highly 
similar appearances and only subtle differences in body shape, we 
construct HanwooReID, a large-scale multi-camera dataset collected 
from two real cattle farms. The dataset captures images of the same 
individuals across multiple cameras and viewpoints, reflecting realistic 
variations in pose, illumination, and background. During data acquisi-
tion, we adopt and refine a camera calibration method suited to barn 
environments. Instead of relying on dedicated calibration targets, our 
approach estimates both intrinsic and extrinsic parameters based on 
manual measurements of fixed structural landmarks within the scene. 
These efforts provide a solid basis for developing and evaluating ReID 
models in real-world farm environments.

Built upon this foundation, we propose a Transformer-based ReID 
framework that leverages both image appearance and pose informa-
tion. Specifically, we generate 2D pose heatmaps from each input 
and integrate them with visual features through a dedicated pose-
guided heatmap encoder (PHE). This module provides structured spa-
tial cues and helps guide the model’s attention, enhancing its ability to 
distinguish visually similar individuals across different poses.

However, in our dataset, cattle often appear in a wide range of poses 
and orientations. As a result, even images of the same individual can 
exhibit large visual differences across viewpoints. Forcing the model to 
associate such dissimilar images solely based on appearance features 
may be unreasonable and inefficient. To address this, we propose a sim-
ple yet effective viewpoint-constrained retrieval (VCR) strategy, which 
estimates the cattle’s facing direction by projecting hoof keypoints 
onto a bird’s-eye view (BEV) plane. During evaluation, VCR filters 
out gallery images whose orientation differs significantly from that 
of the query. This viewpoint-aware filtering mechanism significantly 
improves the overall accuracy of our framework under severe pose and 
view variations.

In summary, our key contributions are as follows:

• A Multi-View Hanwoo Cattle ReID Dataset: We present HanwooR-
eID, a comprehensive multi-view dataset for Hanwoo cattle ReID, 
containing 9,929 verified images of 31 individual cattle. Collected 
in authentic barn environments, it captures significant appear-
ance variations caused by diverse poses and camera viewpoints. 
This dataset serves as a valuable resource for developing and 
evaluating fine-grained livestock identification methods under 
practical farm conditions.

• Pose-Guided Heatmap Encoder for Attention Refinement: We 
design a pose-guided heatmap encoder (PHE) that utilizes 2D 
keypoints predicted by a pose estimation model. The encoded 
pose-aware representations help guide the Transformer’s atten-
tion mechanism toward identity-relevant regions, improving ro-
bustness under complex body deformations.

• Viewpoint-Constrained Retrieval for Orientation-Aware Match-
ing: We introduce a lightweight viewpoint-constrained retrieval 
(VCR) strategy that estimates cattle orientation from monocular 
images by projecting hoof keypoints onto the BEV plane. By 
filtering gallery candidates based on viewpoint consistency, VCR 
effectively boosts ReID performance under large pose and view 
variations.

• Deployment-Friendly ReID Framework for Farm Environments: 
Our proposed algorithm is well-suited for real-world deployment 
in cattle farms. While it operates on instance-level image in-
puts, preceding steps such as detection, segmentation, and BEV 
2 
transformation can be automated in barn environments, making 
the overall pipeline highly feasible for deployment in precision 
livestock farming.

2. Related work

2.1. Existing datasets for Cattle ReID

High-quality datasets are essential for advancing cattle ReID re-
search. Existing datasets vary in their strategies for representing indi-
vidual cattle, often shaped by the available visual cues and environmen-
tal conditions. Broadly, these datasets fall into two categories: those 
focusing on specific anatomical regions such as the face or muzzle, 
and those utilizing full-body images captured from multiple view-
points. Each category offers distinct advantages; however, most existing 
datasets face challenges in generalizing to unconstrained, multi-view 
scenarios. This limitation is particularly evident for breeds like Hanwoo 
cattle, which lack distinctive coat patterns or markings.

Region-specific Cattle ReID datasets. Several works have developed cat-
tle ReID datasets targeting specific anatomical regions, primarily the 
face or muzzle.  Ahmed et al. (2024) created a muzzle-based dataset 
spanning multiple breeds by exploiting unique nose patterns.
Bakhshayeshi et al. (2023) gathered face images to support facial 
recognition in real farm environments.  Weng et al. (2022) created 
facial image datasets of cattle, which include face data captured from 
diverse angles using handheld cameras, featuring Simmental and Hol-
stein cows. Coffman et al. (2024) introduced CattleFace-RGBT, an 
RGB-T (thermal) facial landmark dataset comprising 2,300 image pairs 
designed to assist cattle health monitoring. Li et al. (2024) released 
ICRWE (Initial Cattle face Recognition in Wild Environments), a large-
scale dataset consisting of 9,816 high-resolution cattle face images 
from wild settings, annotated with facial attributes. While these region-
specific datasets enable fine-grained feature extraction by emphasizing 
localized anatomical regions such as the face or muzzle, their utility in 
practical farm settings is limited. High-resolution, close-range imaging 
is often infeasible under unconstrained conditions involving freely 
moving animals. Moreover, the inconsistent visibility of these features 
across varying viewpoints and poses renders such methods susceptible 
to occlusion, pose variation, and other real-world complexities.

Full-body cattle ReID datasets. Other research efforts focus on full-body 
cattle images to capture more comprehensive visual information.  Ong 
et al. (2023) introduced CattleEyeView, a top-view dataset designed for 
detection, pose estimation, and tracking within barns. Li et al. (2018, 
2021) studied lightweight identification under fixed side-view setups. 
Large-scale datasets such as those by  Yu et al. (2024) and  Gao et al. 
(2021) primarily cover Holstein-Friesian cattle captured from overhead 
viewpoints in controlled environments.  Moskvyak et al. (2021) pre-
sented a yak dataset with side-view pose annotations for ReID and 
behavioral studies. Despite their scale, these datasets often exhibit 
limited viewpoint diversity or depend heavily on distinctive breed-
specific markings, thereby limiting their generalizability to visually 
homogeneous breeds such as Hanwoo cattle.

2.2. ReID under pose and viewpoint variations

Pose and viewpoint variations present substantial obstacles to object 
ReID by causing large discrepancies in visual appearance across in-
stances of the same identity. To address these issues, recent studies have 
proposed solutions based on convolutional neural networks (CNNs), 
Transformers, and hybrid frameworks that leverage both paradigms.
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Fig. 1. Visualization of cattle images collected in our study. Images are captured from different viewpoints, leading to substantial changes in visual appearance 
across poses and angles. In addition to these viewpoint-induced variations, the spatial dimensions (aspect ratios and scales) of the instances also vary significantly. 
Unlike dairy cattle, Hanwoo cattle lack distinctive visual landmarks, making identification more challenging.
CNN-based and hybrid approaches. The AGW (Attention Generalized 
mean pooling with Weighted triplet loss) (Ye et al., 2021) enhances the 
BagTricks (Luo et al., 2019) framework through a non-local attention 
block, generalized-mean pooling, and weighted regularization triplet 
loss, improving robustness to cross-view variations in both single and 
cross-modality ReID. Classical metric learning methods such as Brus-
lund Haurum et al. (2020), Moskvyak et al. (2021) also leverage CNNs 
combined with triplet loss or handcrafted features to address appear-
ance changes, though they may fall short under large pose variations. 
HAT (Hierarchical Aggregation Transformers) (Zhang et al., 2021) 
proposes a hybrid CNN-Transformer framework by aggregating multi-
level CNN features via a deeply supervised aggregation module and 
calibrating them using Transformer-based global attention, preserving 
both semantic and fine-grained information for stronger representation 
learning. Nevertheless, the hybrid design of HAT still inherits the 
locality bias of CNNs, making it challenging to fully address the severe 
pose variations in our dataset, which motivates the introduction of 
pose-aware transformer designs.
Transformer-based approaches. Transformers have shown strong poten-
tial in modeling global dependencies for ReID. TransReID (He et al., 
2021) introduces a Jigsaw patch module to handle local distortion 
and a side information embedding to reduce viewpoint bias. RotTrans 
(Rotation Invariant Transformer) (Chen et al., 2022) enhances robust-
ness to spatial transformations by applying feature-level rotation and 
enforcing consistency through a rotation invariance regularization loss. 
PHA (Patch-wise High-frequency Augmentation) (Zhang et al., 2023) 
tackles the challenge of ViT’s insensitivity to high-frequency details by 
introducing patch-wise high-frequency augmentation based on wavelet 
decomposition, coupled with a patch-wise contrastive loss, leading to 
enhanced high-frequency feature learning during training. PFD (Pose-
guided Feature Disentangling) (Wang et al., 2022) focuses on occlusion 
and visibility issues by incorporating pose cues at both global and part 
levels, using pose-guided feature aggregation and pose-view matching 
modules within a Transformer framework to disentangle visible and 
occluded body parts effectively. These works illustrate the flexibility 
of Transformer-based pipelines in modeling complex spatial dependen-
cies, which aligns well with the requirements of multi-view cattle ReID 
involving significant pose and viewpoint variations.
Pose and geometry-aware models. Pose-guided methods improve view-
point invariance by leveraging pose information. PIE (Pose-Invariant 
3 
Embedding) (Zheng et al., 2019) uses pose box inputs with a multi-
stream CNN for pose-invariant features. PETR (Position Embedding 
Transformation) (Liu et al., 2022, 2023) incorporates 3D positional 
embeddings with 2D features in Transformer architectures.  Liu et al. 
(2018) synthesize new pose samples via a generator–guider–
discriminator network to enhance training diversity.  Junping et al. 
(2023) propose a Transformer-based pose-guided attention module that 
improves feature matching by reducing pose variation interference. 
Kishore et al. (2024) leverage pose estimation through heatmaps, key-
points, and segmentation, integrating pose features into a two-stream 
Transformer-CNN architecture to enhance robustness to viewpoint 
changes.  Xu et al. (2025) further integrate posture-aware temporal-
smooth embeddings into a multi-camera cattle tracking framework un-
der non-overhead views, enhancing robustness to appearance changes 
and occlusions while enabling accurate cross-camera association. These 
methods demonstrate that incorporating pose and geometric cues can 
effectively reduce viewpoint-induced appearance variation, which is 
particularly beneficial for multi-view cattle ReID with large pose de-
formation.

3. The proposed HanwooReID dataset

To support research on individual cattle ReID in realistic agricul-
tural environments, we present HanwooReID, a multi-view dataset 
collected from real-world farms. The full dataset contains 134,071 
images captured by multiple synchronized cameras, from which 9,929 
cropped cattle instances were annotated with identity labels. These in-
stance images were obtained through a series of filtering and sampling 
steps described in Sections 3.3.2 and 3.3.3, which remove severely 
occluded cattle, exclude instances with small bounding boxes, and 
apply action-specific frame sampling strategies.

To enable diverse evaluation protocols, we constructed 10 data 
sequences based on both open-set and closed-set settings. This section 
provides a detailed overview of the dataset, including the data collec-
tion setup, recording environments, annotation protocols, and camera 
calibration procedures.

3.1. Hanwoo farms

To ensure the diversity and realism of our dataset, we collected data 
from two distinct Hanwoo cattle farms. These farms differ in layout, 



J. Liu et al. Computers and Electronics in Agriculture 239 (2025) 111117 
Table 1
Summary of the proposed dataset, including the number of cameras, images, recording duration, and annotated cows for each 
subset. The dataset covers both Imsil and Namwon farms, offering diverse multi-view data for evaluating ReID performance.
 Dataset Cameras Cattle count Image count Duration 
 Imsil-day1 2 19 895 24 h  
 Imsil-day2 2 19 1456 24 h  
 Imsil-day3 2 19 2015 24 h  
 Imsil-day4 2 19 2724 24 h  
 Namwon-cam4 1 3 850 12 h  
 Namwon-cam5 1 9 1989 12 h  
Fig. 2. A 3D view of the Imsil cattle farm (36 m × 12 m), showing two calibrated cameras installed to cover overlapping fields of view (FOVs). The blue and 
green grids represent the FOVs of Camera 01 and Camera 02, respectively, and the orange area indicates the overlapping region. Below, the images captured by 
both cameras are shown.
camera configurations, and herd composition, enabling the capture of 
a wide variety of real-world scenarios. Table  1 summarizes the key 
statistics of each dataset subset, including the number of cameras, 
cattle, images, and recording duration, providing a solid foundation for 
evaluating ReID methods across different conditions. In the following 
subsections, we provide a detailed description of each farm.
Imsil farm. Imsil Farm houses 17 adult Hanwoo cattle and 2 calves 
within an open barn area measuring 36 × 12 m. Two high-resolution 
Hikvision cameras were installed facing each other, enabling multi-
view capture of the animals’ daily activities. As illustrated in Fig.  2, the 
two cameras were carefully calibrated and positioned to cover overlap-
ping fields of view (FOVs), with the blue and green grids representing 
the FOVs of Camera 01 and Camera 02, respectively. The orange area 
highlights the overlapping region, ensuring consistent visual tracking of 
cattle across views. Sample images from both cameras are also shown 
below the 3D layout for reference.

Data recording was conducted over four consecutive days at a 
frame rate of 60 Hz in RGB mode during daytime, ensuring consistent 
lighting conditions and high temporal resolution. The resulting dataset 
is divided into four subsets: Imsil-day1, Imsil-day2, Imsil-day3, and 
Imsil-day4, each containing 24 h of continuous footage. All subsets 
include the same 19 cattle individuals.

This dataset is especially valuable for studying fine-grained individ-
ual identification across varying viewpoints and poses, and provides 
a solid foundation for evaluating multi-view ReID performance in 
authentic farm environments.
Namwon farm. The Namwon dataset was collected from another real-
world Hanwoo farm featuring a distinct spatial layout and camera 
4 
configuration compared to Imsil. As shown in Fig.  3, the farm consists 
of two spatially separated activity zones, each measuring approximately 
10 × 10 m. A single Hikvision camera is installed in each zone, 
both oriented similarly toward the ground to effectively capture cattle 
activities within their respective areas.

The two zones house different cattle populations: one contains 9 
adult Hanwoo individuals, while the other contains 3. Image sequences 
were continuously recorded for 12 h during the day under RGB mode. 
This setup introduces additional variability in scene composition, back-
ground clutter, and animal interactions, enriching the diversity of 
visual appearances captured.

In addition to the Imsil data, the Namwon dataset contributes fur-
ther diversity by offering new environmental conditions and individual 
identities. Raw RGB images and annotations are provided in the same 
format as the Imsil dataset, enabling seamless integration for joint 
training, evaluation, or cross-scene analysis within the Hanwoo-ReID 
framework.

3.2. Data collection setup

To ensure the dataset reflects the visual and behavioral charac-
teristics of Hanwoo cattle in realistic farm conditions, we designed a 
dedicated data acquisition system tailored to the challenges of livestock 
monitoring.

To obtain high-quality visual data, we used Hikvision cameras 
with a resolution of 3840 × 2160 and a frame rate of 60 Hz. This 
configuration enables accurate capture of cattle postures and movement 
trajectories over time. The combination of high resolution and high 
frame rate ensures clear representation of individual details, making 
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Fig. 3. A 3D view of the Namwon cattle farm, consisting of two spatially separated regions (each 10 m × 10 m), where two cameras are installed in different 
regions with similar orientation toward the ground. The layout and orientation of each camera are illustrated in the figure.
the dataset suitable for complex computer vision tasks such as cattle 
ReID.

To comprehensively capture the appearance variations of cattle un-
der different poses, we continuously recorded their daily behaviors and 
movement trajectories from multiple viewpoints. This guarantees that 
each Hanwoo individual is thoroughly documented under multi-view 
and multi-temporal conditions, thereby reflecting their natural habits 
and dynamic characteristics. During daytime, when lighting conditions 
are favorable, the system records RGB color images; during nighttime 
or under low-light conditions, the cameras automatically switch to 
infrared (IR) mode, outputting grayscale images. This enables 24/7 
data collection and enhances the dataset’s spatiotemporal completeness 
and diversity.

Data collection was carried out at the previously described Imsil 
and Namwon farms, which differ in camera configurations and deploy-
ment strategies. These variations provide diverse visual conditions for 
evaluating model performance under multi-view scenarios.

3.3. Annotation and preprocessing

3.3.1. Camera calibration
Accurate geometric calibration is essential for multi-camera cat-

tle monitoring systems. Building on prior efforts that leverage multi-
viewpoint fusion and location mapping to enhance cattle behavior 
analysis in complex farm environments (Nasir et al., 2025), we perform 
geometric calibration for each camera to eliminate lens distortion and 
recover accurate visual representations of Hanwoo cattle.

Our calibration pipeline combines Direct Linear Transformation 
(DLT) with nonlinear optimization to estimate camera parameters. As 
illustrated in Fig.  4, given a set of 2D image points 𝐱𝑖 = [𝑢𝑖, 𝑣𝑖]⊤

and their corresponding 3D world coordinates 𝐗𝑖 = [𝑋𝑖, 𝑌𝑖, 𝑍𝑖]⊤, we 
estimate the intrinsic matrix 𝐊, distortion coefficients 𝐃, and extrin-
sic parameters (𝐑, 𝐭). This process ensures that cattle positions and 
appearances are accurately projected across different camera views, 
facilitating reliable pose estimation and behavior recognition.
Normalization. We first normalize the image and world points to im-
prove numerical stability. The 2D image points are normalized using a 
similarity transformation 𝐍c, and the 3D world points are normalized 
using a transformation 𝐍w: 
𝐱̃𝑖 = 𝐍c𝐱𝑖, 𝐗̃𝑖 = 𝐍w𝐗𝑖 (1)
5 
Initial DLT estimation. We estimate the initial projection matrix 𝐏 via 
the Direct Linear Transformation (DLT) algorithm using the normal-
ized coordinates. Given a set of normalized 3D-2D correspondences 
{(𝐗̃𝑖, 𝐱̃𝑖)}𝑛𝑖=1, where 𝐗̃𝑖 = [𝑋𝑖, 𝑌𝑖, 𝑍𝑖, 1]⊤ and 𝐱̃𝑖 = [𝑢𝑖, 𝑣𝑖, 1]⊤, we aim to 
solve for the projection matrix 𝐏 ∈ R3×4 such that: 
𝐱̃𝑖 ∼ 𝐏𝐗̃𝑖 (2)

To linearize this relation, each point correspondence generates two 
equations by rewriting the cross product 𝐱̃𝑖 × (𝐏𝐗̃𝑖) = 𝟎. This leads to a 
homogeneous linear system 𝐀𝐩 = 0, where 𝐩 is the vectorized form of 
𝐏, and the coefficient matrix 𝐀 ∈ R2𝑛×12 is constructed by stacking the 
contributions from each point: 

𝐀𝑖 =

[

−𝐗̃⊤
𝑖 𝟎⊤ 𝑢𝑖𝐗̃⊤

𝑖

𝟎⊤ −𝐗̃⊤
𝑖 𝑣𝑖𝐗̃⊤

𝑖

]

(3)

We stack all 𝐀𝑖 to form 𝐀, and then solve for 𝐩 using Singular 
Value Decomposition (SVD). Let 𝐀 = 𝐔Σ𝐕⊤, the solution 𝐩 is given by 
the right singular vector corresponding to the smallest singular value, 
i.e., the last column of 𝐕: 
𝐩 = 𝐯𝑛 (4)

where 𝐯𝑛 denotes the last column of matrix 𝐕. Reshaping 𝐩 gives the 
initial estimate of the projection matrix 𝐏 ∈ R3×4.

Finally, the denormalized projection matrix 𝐏′ is recovered by 
applying the inverse of the normalization transformations 𝐍𝑐 and 𝐍𝑤: 
𝐏′ = 𝐍−1

𝑐 𝐏𝐍𝑤 (5)

Nonlinear optimization. Based on the denormalized projection matrix 
𝐏′ obtained from the DLT and normalization reversal, we perform 
nonlinear optimization to refine the camera parameters, including the 
intrinsic matrix 𝐊, distortion coefficients 𝐃 = [𝑘1, 𝑘2, 𝑝1, 𝑝2, 𝑘3]⊤, and 
extrinsic parameters (𝐑, 𝐭). As a preliminary estimate, we extract the 
left 3 × 3 submatrix 𝐌 of 𝐏′ and perform QR decomposition on 𝐌−1 to 
obtain 𝐑 and 𝐊. The translation vector is then computed as 𝐭 = 𝐊−1𝐏′

4, 
where 𝐏′

4 denotes the fourth column of 𝐏′. The parameters are subse-
quently refined by minimizing the total reprojection error between the 
observed 2D points and the projections of the corresponding 3D points.

Let 𝐱̂𝑖 denote the reprojected 2D point of the 𝑖th 3D world point 𝐗𝑖, 
computed via a projection function 𝜋(⋅) that accounts for perspective 
projection as well as radial and tangential distortion: 
𝐱̂ = 𝜋(𝐊,𝐃,𝐑, 𝐭,𝐗 ) (6)
𝑖 𝑖
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Fig. 4. Camera calibration results from two different viewpoints. Traditional calibration typically relies on detecting keypoints from a printed chessboard or 
calibration board. However, in this scene, although the board is visible, its distance from the camera limits its coverage and resolution, leading to inaccurate 
parameter estimation. To address this, we manually selected 2D keypoints as ground truth (blue solid circles) and estimated intrinsic and extrinsic parameters 
using DLT followed by Levenberg–Marquardt optimization. The reprojected points (red hollow circles) demonstrate the accuracy of the estimated parameters.
The optimization objective is defined as: 
min

𝐊,𝐃,𝐑,𝐭

∑

𝑖

‖

‖

𝐱𝑖 − 𝐱̂𝑖‖‖
2 (7)

where 𝐱𝑖 is the observed 2D point.
We adopt an iterative nonlinear least squares method to jointly 

optimize all parameters, initialized with values obtained from the 
decomposition of the projection matrix. This refinement enhances the 
geometric accuracy of the camera model and ensures a more precise 
correspondence between 3D world coordinates and their 2D image 
projections. The visualized calibration results can be seen in Figs.  2 and
3.

3.3.2. Object annotations
To support the behavior-aware sampling strategy described in Sec-

tion 3.3.3, we annotated each individual’s action, bounding box, iden-
tity label, and camera ID. These annotations enable more effective 
selection of representative frames for model training by capturing 
diverse motion characteristics. Using a CVAT-based tool (Anon, 2025), 
trained annotators labeled each individual across 12 predefined action 
classes and assigned consistent identity labels across all camera views, 
ensuring both spatial and temporal coherence throughout the scene.

To improve labeling consistency, annotators referenced prior work 
on cattle behavior understanding. In particular, the study by  Fuentes 
et al. (2020) demonstrated the effectiveness of deep learning-based 
hierarchical recognition frameworks for identifying both individual 
and group cattle activities using spatio-temporal cues. Their approach 
utilized RGB video data collected across various lighting conditions and 
locations, revealing the diversity and complexity of cattle behaviors. 
Inspired by this, our annotation process also emphasized visual context 
and temporal consistency across frames and camera views.

For visually similar actions such as standing and walking, anno-
tators leveraged all available camera angles and specific visual cues 
to disambiguate and accurately classify each behavior. In overlapping 
regions where cows were severely occluded, we assigned the same 
action label as that of the partially visible portion, provided sufficient 
6 
evidence was available from other views. A summary of all annotated 
action classes is provided in Table  2.

Bounding boxes were initially generated using an object detection 
model. To assess occlusion severity, we computed the Intersection over 
Union (IoU) between each cow’s bounding box and all other bounding 
boxes within the same image. If the maximum IoU with any other object 
exceeded a certain threshold of 0.5, indicating substantial overlap, 
the instance was considered heavily occluded and excluded from the 
dataset. The IoU is defined as: 

IoU =
|𝐵𝑖 ∩ 𝐵𝑗 |

|𝐵𝑖 ∪ 𝐵𝑗 |
, (8)

where 𝐵𝑖 and 𝐵𝑗 denote the bounding boxes of two distinct instances 
in the same image, and | ⋅ | represents the area of a region.

Each instance image is annotated with a comprehensive set of 
metadata, including the unique ID, the associated action label, and 
image-specific attributes such as timestamp and resolution. In addition, 
we record detailed camera parameters for each image, including both 
intrinsic and extrinsic calibration values, to support precise geomet-
ric reasoning and potential multi-view analysis. Fig.  5 shows several 
representative annotated instances depicting common actions such as 
Standing, Walking, Eating, and Resting, along with the correspond-
ing Hanwoo IDs and camera IDs, providing a visual overview of the 
annotation format and behavioral diversity in our dataset.

3.3.3. Behavior-aware sampling strategy
Based on the action annotations described in the previous sub-

section, we implement a sampling strategy tailored to the motion 
characteristics of each behavior. For actions involving rapid movement 
such as walking, standing up, or mounting, we sample approximately 
one instance image per minute for each individual. In contrast, for slow 
or static behaviors such as sleeping, resting, and eating, we retain only 
one image for each continuous action segment to avoid redundancy.

In addition to temporal constraints, we apply a spatial filtering 
step to ensure visual quality. Specifically, we retain only those in-
stance images where the bounding box height and width exceed prede-
fined thresholds, thereby excluding low-resolution or partially captured 
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Fig. 5. Representative annotated instance images showing various cattle actions (Standing, Walking, Eating, and Resting). Each image is labeled with the 
corresponding Hanwoo ID and camera ID.
Table 2
Summary of annotated action classes for Hanwoo cattle behavior.
 Action label Description  
 Walking Cow is moving; feet are in the air or in motion across frames. 
 Standing Cow is stationary and upright, not performing other actions.  
 Resting Cow is lying down with legs tucked in, head up, eyes open.  
 Sleeping Cow is lying with its head down on the body and eyes closed. 
 Eating Cow’s head is through the fence, consuming feed.  
 Standing Up Transition from resting to standing.  
 Lying Down Transition from standing to resting.  
 Self-Grooming Cow is licking itself while standing or lying.  
 Fighting Head-butt Cow uses its head to hit or collide with another cow.  
 Fighting Push Cow pushes another using body, neck, or shoulder.  
 Social Licking (Active) Cow actively licks another cow.  
 Social Licking (Passive) Cow being licked by another cow.  
samples. This strategy is consistently applied to both farms, ensuring 
uniformity and data quality across the dataset.

4. Method

Distinguishing visually similar Hanwoo cattle is particularly chal-
lenging due to their subtle appearance differences and uniform coat 
color. To enable the model to focus on identity-specific features beyond 
global appearance, we explicitly incorporate structural cues derived 
from anatomical keypoints. Our dataset includes full-body images cap-
tured from diverse viewpoints, enabling models to extract fine-grained 
identity cues without relying on localized annotations such as facial 
landmarks or texture patterns.
7 
4.1. Framework overview

We propose a viewpoint-aware ReID framework based on the Tran-
sReID architecture, specifically designed for the challenges of multi-
camera, cross-view cattle ReID. The overall design is illustrated in 
Fig.  6. Our approach enhances the baseline architecture by incorpo-
rating a pose-guided heatmap encoder (PHE) module and a viewpoint-
constrained retrieval (VCR) strategy.

To extract structural cues from the input image, we employ the 
PHE module. Specifically, we first detect anatomical keypoints, such 
as eyes, shoulders, knees, and hooves, using a pretrained animal pose 
estimation model. Existing high-performance methods such as RTM-
Pose (Jiang et al., 2023) and ViTPose (Xu et al., 2022) have demon-
strated strong generalization across animal species and can be adapted 
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Fig. 6. Overview of our proposed framework. The PHE extracts 2D pose keypoints from the cropped input image, generates corresponding Gaussian heatmaps, 
and encodes them into pose feature maps. These pose features are fused with visual tokens from the image branch and processed by transformer layers for 
representation learning. The learned representations are fed into the VCR module, which predicts viewpoint labels and retrieves viewpoint-constrained top-𝑁
candidates from the gallery.
to our cattle-specific setting. These models are typically trained on pub-
licly available animal pose datasets, including AP-10K (Yu et al., 2021) 
and Animal-Pose (Cao et al., 2019), which provide dense keypoint 
annotations across a wide range of quadruped species.

The predicted keypoints are converted into heatmaps that represent 
the spatial confidence distribution of each anatomical point. These 
heatmaps are then embedded through an embedding head and fused 
with visual tokens derived from patch embeddings. Specifically, the 
input image is first divided into fixed-size patches, which are flattened 
and projected linearly to form patch-level visual tokens. Learnable 
positional embeddings are added to retain spatial information, and 
an additional class embedding is prepended to represent the global 
context. By integrating pose information, the model is guided to attend 
to semantically meaningful body regions, thereby improving robustness 
to occlusion and severe viewpoint variations.

In addition to structural encoding, we address viewpoint discrep-
ancy through VCR strategy. Based on the 2D pose keypoints of the four 
hooves, we estimate each individual’s direction in the BEV coordinate 
system. The relative angle between the estimated cattle orientation and 
the camera’s optical axis is used to assign a discrete ViewID. During 
evaluation, gallery images whose ViewIDs differ significantly from 
that of the query are excluded from the matching process. The VCR 
strategy effectively reduces visual ambiguity and improves recognition 
performance in complex multi-camera environments.
8 
To train the proposed framework effectively, we adopt a combi-
nation of identity classification loss (ID Loss) (Zheng et al., 2017) 
and metric learning loss (Triplet Loss) (Liu et al., 2017). The ID Loss 
is implemented as a standard cross-entropy loss that encourages the 
network to correctly classify each individual cattle identity. The Triplet 
Loss, on the other hand, aims to increase the distance between features 
of different identities while pulling closer features of the same identity 
under different views and poses. Together, these two losses contribute 
to discriminative feature learning and retrieval accuracy, which are 
critical for cattle ReID under complex pose and view conditions.

Compared with the baseline, which encodes viewpoint informa-
tion using ViewID Embedding (VID), a learnable embedding tied to 
each camera view identifier, our method, VCR, adopts a fundamen-
tally different strategy by introducing an orientation-based matching 
constraint. Ablation studies indicate that while the VID has shown 
improvements in other domains, such as vehicle ReID, it does not 
consistently improve performance for cattle ReID and may occasion-
ally reduce accuracy. In contrast, the proposed VCR approach utilizes 
estimated cattle orientation to filter out visually inconsistent matches 
during evaluation. This strategy can be seamlessly integrated into a 
broader cattle monitoring system, where geometric priors contribute 
to more accurate and robust ReID under diverse camera viewpoints.

In summary, our framework combines a PHE module and a VCR 
strategy to enhance cross-view cattle ReID. Detailed descriptions of the 
modules follow in the next subsections.
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4.2. Pose-guided heatmap encoder

To enhance the model’s ability to capture the anatomical structure 
and viewpoint-dependent appearance of Hanwoo cattle, we propose a 
PHE that transforms 2D pose keypoints into spatial representations, 
which are subsequently used as position encodings.

For each cropped cattle image, we extract anatomical keypoints 
using a pose estimation module embedded in our framework. The 
detected 2D keypoints are denoted as 𝐊 ∈ R𝐽×3, where 𝐽 = 17 is 
the number of keypoints and each row contains the (𝑥, 𝑦, conf) val-
ues of a single keypoint. These keypoints are then transformed into 
Gaussian heatmaps, resulting in a multi-channel pose heatmap tensor 
𝐇pose ∈ R𝐽×𝐻×𝑊 , where each channel represents the spatial confidence 
distribution of one anatomical location.

To form the final input for position encoding, we explore mul-
tiple fusion strategies to aggregate the heatmaps across keypoints, 
including max pooling, average pooling (mean), and concatenation 
(no fusion). Empirically, we found that max pooling yields the best 
trade-off between preserving keypoint-specific information and reduc-
ing computational complexity. The max-pooled heatmap is computed 
as: 
𝐇agg = max

𝑗=1,…,𝐽
𝐇𝑗

pose ∈ R1×𝐻×𝑊 (9)

This aggregated heatmap 𝐇agg is then passed through a dedicated 
convolutional encoder pose composed of two consecutive 1 × 1 convo-
lutional layers with ReLU activation: 
𝐄 = pose(𝐇agg) ∈ R𝐶×𝐻×𝑊 (10)

where 𝐶 is the desired embedding dimension. The resulting positional 
feature map 𝐄 is flattened and added to the corresponding patch 
embeddings as an attention prior. This module enables the model to 
incorporate anatomical priors from pose keypoints in a purely 2D 
manner, guiding attention toward semantically meaningful regions.

We provide ablation studies in Section 5.4 to evaluate the impact 
of different fusion strategies on the overall ReID performance.
Algorithm 1: VCR Strategy

Input: Hoof keypoints 𝐡2𝐷; camera parameters (𝐊,𝐑, 𝐭); ranked 
candidate list  from feature embedding

Output: Viewpoint-constrained Top-𝑁 results
/* Viewpoint estimation  */

1 𝐡3𝐷 ← BackProject(𝐡2𝐷,𝐊,𝐑, 𝐭);
2 𝐝hoof ← EstimateHoofOrientation(𝐡3𝐷);
3 𝐝cam ← GetCameraForwardVector(𝐑);
4 view ← MapAngleToView(𝐝cam,𝐝hoof );

/* Constrained retrieval on ranked candidates */
5 𝑣𝑐 ← ∅;
6 foreach 𝑔 ∈  do
7 if view𝑞 = view𝑔 then
8 𝑣𝑐 ← 𝑣𝑐 ∪ {𝑔};

9 return Top-𝑁 from 𝑣𝑐 ;

4.3. Viewpoint estimation and constrained retrieval

Cattle exhibit a wide range of orientations relative to the camera in 
open-field environments, resulting in significant appearance variations. 
These viewpoint-induced differences pose a major challenge for ReID 
models, especially when visually dissimilar images of the same individ-
ual are captured from different directions. Relying solely on image-level 
features is often insufficient and may require large-scale training data to 
achieve robust generalization. Instead of relying on the model to learn 
viewpoint-invariant embeddings, our approach explicitly estimates cat-
tle orientation and uses this information to constrain the retrieval 
process through the VCR strategy, as detailed in Algorithm 1. This 
9 
strategy avoids comparisons between visually inconsistent views by 
filtering candidate matches according to their estimated orientations.

To estimate cattle orientation from a monocular image, we uti-
lize four hoof keypoints predicted by a pose estimation model: left 
front (LF), right front (RF), left rear (LR), and right rear (RR). These 
keypoints, assumed to lie on the ground plane at fixed height ℎ =
0, are represented in image coordinates 𝐩𝑖 = (𝑢𝑖, 𝑣𝑖), where 𝑖 ∈
{LF,RF,LR,RR}. Given the camera intrinsic matrix 𝐊 and extrinsic 
parameters (𝐑, 𝐭), each keypoint is back-projected onto the ground 
plane by intersecting the corresponding camera ray with the ground, 
based on the camera pose. Formally, the back-projected point 𝐪𝑖 in 
world coordinates can be computed as: 

𝐪𝑖 = 𝜆𝑖𝑅
⊤𝐾−1𝐩̃𝑖 + 𝐜, (11)

where 𝐩̃𝑖 = (𝑢𝑖, 𝑣𝑖, 1)⊤ is the homogeneous image coordinate, 𝐜 = −𝑅⊤𝑡
denotes the camera center in world coordinates, and the scalar 𝜆𝑖 is 
chosen such that 𝐪𝑖 lies on the ground plane ℎ = 0.

The cattle’s body orientation is defined as the vector from the mid-
point of the rear hooves to the midpoint of the front hooves in the BEV 
coordinates. Let 𝐝 denote the camera’s forward direction projected onto 
the ground plane. The relative orientation angle 𝜃 between the cattle 
and the camera is computed as the difference between their angles with 
respect to the ground plane axes, calculated by the arctangent function: 

𝜃 = arctan
( 𝑣𝑦
𝑣𝑥

)

− arctan
( 𝑑𝑦
𝑑𝑥

)

, (12)

where (𝑣𝑥, 𝑣𝑦) and (𝑑𝑥, 𝑑𝑦) are the components of the cattle orientation 
and camera direction vectors, respectively. This angle 𝜃 is discretized 
into four angular bins to assign a viewpoint ID, which is used to support 
viewpoint-aware retrieval. A visualization of this process is shown in 
Fig.  7.

5. Experiments

5.1. Dataset

We conduct experiments on the proposed dataset. To simulate prac-
tical deployment scenarios, we construct both open-set and closed-set 
ReID evaluation protocols. In the open-set setting, cattle identities 
appearing in the evaluation are completely disjoint from those in 
the training set, reflecting the need to recognize previously unseen 
individuals. In the closed-set setting, the same set of identities is 
shared between training and evaluation, allowing assessment under 
more controlled conditions.

Image resolution filtering. All images are cropped around individual 
cows based on annotated bounding boxes. To ensure sufficient visual in-
formation for ReID, we discard instance images whose width and height 
are both below 150 pixels. We visualize the resolution distribution of 
all cropped images in Fig.  8, where each point represents an image with 
its width and height. This filtering step removes severely low-resolution 
samples that may hinder feature learning.

Train-test partition and ID distribution. We construct both open-set and 
closed-set ReID evaluation protocols using data from non-overlapping 
cameras. In the closed-set setting, the same identities are used in both 
training and testing, enabling evaluation under controlled conditions. 
In contrast, the open-set setting uses disjoint identities between training 
and testing subsets, simulating realistic deployment scenarios where 
unseen individuals must be recognized.

For open-set evaluation, we construct multiple datasets with varying 
numbers of training identities, such as Imsil10 with 10 training IDs and 
Namwon9 with 9 training IDs. Note that each open-set subset uses only 
a portion of all the annotated images, and subsets may partially overlap.



J. Liu et al. Computers and Electronics in Agriculture 239 (2025) 111117 
Fig. 7. Visualization of cattle orientation estimation from 2D pose keypoints. The central BEV plot illustrates projected hoof positions (blue), estimated orientation 
vectors (red), and camera direction (green). Surrounding images show the corresponding cattle instances for each vector, arranged according to their assigned 
numbers. The numerical labels in the BEV plot are not cattle IDs but are used solely for visual correspondence between each direction estimate and its associated 
instance image.
Table 3
Statistics of the constructed open-set and closed-set ReID datasets.
 Type Dataset Train(IDs) Train(Imgs) Query(IDs) Query(Imgs) Gallery(IDs) Gallery(Imgs) Total(IDs) Total(Imgs) 
 
Open-set

Imsil10 10 1290 9 269 9 863 19 2422  
 Imsil13 13 1689 6 237 6 739 19 2665  
 Imsil16 16 2258 3 120 3 339 19 2717  
 Namwon9 9 1989 3 96 3 406 12 2491  
 

Closed-set

Imsil-day1 19 636 19 63 19 196 19 895  
 Imsil-day2 19 1041 19 109 19 306 19 1456  
 Imsil-day3 19 1444 19 152 19 419 19 2015  
 Imsil-day4 19 1953 19 212 19 559 19 2724  
 Namwon-cam4 3 611 3 67 3 172 3 850  
 Namwon-cam5 9 1428 9 154 9 407 9 1989  
To quantify the difficulty of each open-set configuration, we com-
pute the test-to-total identity ratio (TTR), defined as: 

TTR =
𝑁test

𝑁train +𝑁test
(13)

This metric reflects the proportion of unseen identities during training, 
with higher TTR values indicating more challenging generalization 
scenarios. These controlled variations in TTR allow us to analyze the 
model’s robustness under different levels of data scarcity.

Detailed statistics, including the number of identities and images in 
training, query, and gallery sets, are provided in Table  3.

5.2. Implementation details

We adopt a transformer-based architecture initialized from
ImageNet-pretrained weights. Input images are resized to 256 × 256 
to accommodate cattle appearance variations caused by pose and 
viewpoint differences.

To extract 2D pose features, we utilize a PHE consisting of two con-
volutional layers with kernel size 1. The first layer projects the single-
channel input heatmap to an embedding dimension of 768, followed 
by a ReLU activation and a second convolutional layer maintaining the 
10 
same embedding dimension. This pose encoder thus produces a 768-
dimensional feature representation for each spatial location in the pose 
heatmap.

To enhance model generalization, we apply data augmentation 
strategies including random horizontal flipping, random cropping with 
padding, and random erasing. All images are normalized using a mean 
and standard deviation of 0.5. The model is trained for up to 720 
epochs, with a linear warmup strategy applied at the beginning of 
training. Model optimization is performed using stochastic gradient 
descent (SGD) with an initial learning rate of 0.001 and a weight decay 
of 1 × 10−4. We use a batch size of 64 and optimize the network using 
a combination of softmax loss and triplet loss, with 8 instances per 
identity. All experiments are conducted on a single NVIDIA H100 GPU.

Our evaluation protocol is based on the standard Market-1501
(Zheng et al., 2015) framework, with two customized settings that 
reflect the characteristics of our dataset and deployment scenarios:

• Cross-camera ReID: This setting is used with the Imsil subset, 
which includes two cameras. Query and gallery images are sam-
pled from different camera views to simulate real-world ReID 
scenarios across distributed surveillance systems. To ensure eval-
uation fairness, gallery images sharing the same identity and 
camera as the query are excluded.
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Table 4
Comparison of methods under closed-set identification setting.
 Backbone Method Imsil-day1 Imsil-day2 Imsil-day3 Imsil-day4 Namwon-cam4 Namwon-cam5

mAP Rank-1 mAP Rank-1 mAP Rank-1 mAP Rank-1 mAP Rank-1 mAP Rank-1  
ResNet-50 AGW 61.5 72.1 64.9 75.9 64.0 77.0 80.4 86.8 97.6 98.5 72.9 70.8  

TransReID 73.3 78.7 72.1 76.9 82.1 84.9 92.0 94.8 99.0 100.0 72.9 80.5  
Hybrid HAT 63.9 70.5 75.5 80.6 80.3 86.8 92.6 93.4 99.2 100.0 76.2 81.2  

ViT-B/16

TransReID 86.6 88.5 76.4 78.7 84.6 88.2 93.3 93.4 97.9 98.5 78.2 83.8  
PFD 83.3 88.5 76.8 80.6 81.5 87.5 93.2 93.9 99.5 100.0 78.6 83.1  
RotTrans 84.3 86.9 77.2 80.6 84.8 88.8 94.6 94.8 96.0 98.5 76.2 82.5  
PHA 83.2 85.2 78.4 80.6 84.4 87.5 92.3 94.3 99.6 98.5 62.8 77.3  
Ours (PHE only) 88.3 91.8 79.0 81.5 87.9 89.5 94.0 95.3 99.9 100.0 80.6 84.4  
Ours (PHE + VCR) 94.0 92.7 81.5 79.1 89.4 87.5 95.3 96.8 99.9 100.0 83.1 86.9  
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ig. 8. Distribution of cropped image resolutions for individual cow instances 
n the dataset. Each blue dot represents a cropped image plotted by width 
long the 𝑥-axis and height along the 𝑦-axis. The marginal histograms above 
nd to the right show the frequency distribution of widths and heights, respec-
ively. Images with extremely low resolutions below the filtering threshold are 
emoved to ensure sufficient visual quality for ReID.

• Same-camera ReID: This setting is applied to the Namwon subset, 
which contains only one single camera. Query and gallery images 
are drawn from the same camera view, allowing us to evaluate the 
model’s within-view feature discrimination capabilities. In this 
case, gallery images from the same identity but different time 
points are used, and cross-camera samples are not applicable.

We report standard ReID evaluation metrics, including mean Aver-
ge Precision (mAP) and Cumulative Matching Characteristic (CMC) at 
ank-1 and Rank-5, to reflect retrieval accuracy under varying degrees 
f challenge. The two evaluation settings, cross-camera and same-
amera, also reflect realistic deployment scenarios such as distributed 
arm surveillance or fixed-camera local monitoring.

.3. Performance evaluation

losed-set evaluation. We begin by evaluating our method under the 
losed-set identification setting. Table  4 compares our models against 
everal representative baselines across six subsets: four from Imsil 
day1–day4) and two from Namwon (cam4 and cam5). For the Imsil 
ubsets, we adopt cross-camera evaluation to better reflect practi-
al deployment across multiple camera viewpoints. In contrast, for 
he Namwon subsets, we employ same-camera evaluation, leveraging 
he consistent viewpoint to model realistic scenarios in fixed-camera 
urveillance. The compared methods include CNN-based approaches 
p

11 
AGW (Ye et al., 2021), TransReID (He et al., 2021) with ResNet-50 (He 
t al., 2016)), a hybrid architecture (HAT (Zhang et al., 2021)), and 
ransformer-based models (TransReID (He et al., 2021), PFD (Wang 
t al., 2022), RotTrans (Chen et al., 2022), PHA (Zhang et al., 2023) 
ith ViT-B/16 (Dosovitskiy et al., 2020) backbone).
Our approaches, Ours (PHE only) and Ours (PHE + VCR), con-

istently outperform all baselines in both mAP and Rank-1 accuracy, 
emonstrating strong performance across various conditions. The Imsil 
ubsets pose a greater challenge due to the presence of 19 individual 
attle, requiring fine-grained discrimination. Notably, Ours (PHE + 
CR) achieves the highest scores, e.g., 94.0% mAP and 92.7% Rank-
 on Imsil-day1. On the largest closed-set subset, Imsil-day4, which 
ontains 2724 images, our method achieves up to 95.3% mAP and 
6.8% Rank-1, indicating the effectiveness of incorporating the VCR 
odule in complex identification scenarios.
Due to the small number of identities in Namwon-cam4, perfor-
ance differences among methods are marginal, and most achieve 
aturated results, including ours. Nevertheless, the Namwon environ-
ent introduces practical challenges, such as mild occlusions caused 
y structural elements in the cattle farm. Specifically, iron beams posi-
ioned above the fences can partially obscure the animals, as illustrated 
n Fig.  3. Despite these visual distractions, our models maintain robust 
dentification accuracy, highlighting their applicability in real-world 
eployments.

pen-set evaluation. We further evaluate the models under the open-set 
etting to assess their ability to generalize to unseen cattle identities. 
s the number of available cameras varies across different subsets, 
e adopt a same-camera ReID protocol for all open-set evaluations to 
nsure consistency and fair comparison. Moreover, benefiting from the 
nherent multi-view nature of our dataset, where each Hanwoo cattle 
ppears in diverse poses and orientations, the same-camera setting 
till provides sufficient appearance variation to effectively evaluate 
odel generalization. Based on the statistics summarized in Table  3, 
e construct four open-set subsets with varying TTR levels. As shown 
n Table  5, we compare our method with several ViT-based baselines 
hat perform well in the closed-set setting.
Compared to the baseline methods, our approaches demonstrate 

enerally superior performance across various open-set configurations. 
n Imsil10, which has a relatively high TTR of 0.47, the open-set 
ask becomes more challenging due to the limited number of training 
dentities. Nevertheless, Ours (PHE only) achieves the highest Rank-5 
ccuracy of 97.0% and a strong mAP of 54.9%, outperforming Tran-
ReID and RotTrans. The enhanced Ours (PHE + VCR) further boosts 
AP to 60.1% while maintaining the best Rank-1 accuracy (85.7%), 
emonstrating the added benefit of incorporating the VCR module.
As the number of training identities increases from Imsil10 to 

msil16, the training set provides the model with richer identity super-
ision. Under this setting, our method consistently achieves the highest 
AP scores across all Imsil subsets, with the PHE + VCR combination 
utperforming all other methods. In particular, on Imsil16 (TTR = 
.16), Ours (PHE + VCR) attains the highest mAP of 74.8% and a com-
etitive Rank-1 accuracy of 86.7%, demonstrating the effectiveness of 
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Table 5
Comparison of methods under the open-set identification setting. All methods are implemented using a ViT-B/16 backbone.
 Method Imsil10 

(TTR = 0.47)
Imsil13 
(TTR = 0.32)

Imsil16 
(TTR = 0.16)

Namwon9 
(TTR = 0.25)

 mAP Rank-1 Rank-5 mAP Rank-1 Rank-5 mAP Rank-1 Rank-5 mAP Rank-1 Rank-5 
 TransReID 53.3 84.8 93.7 60.6 81.9 95.4 70.7 85.8 96.7 62.8 82.3 90.6  
 RotTrans 54.3 85.1 95.5 60.2 83.5 94.9 71.0 86.7 96.7 63.6 83.3 93.8  
 PHA 43.1 80.3 92.9 59.0 82.3 93.2 67.4 86.7 94.2 63.3 83.3 92.7  
 Ours (PHE only) 54.9 85.1 97.0 61.5 85.2 96.2 71.4 87.5 97.5 64.5 89.6 95.8  
 Ours (PHE + VCR) 60.1 85.7 96.1 62.8 81.0 93.7 74.8 86.7 95.0 68.7 86.5 94.8  
our pose-guided design combined with VCR in capturing discriminative 
cues. For Namwon9, a cross-scene evaluation involving training and 
testing on different cameras, Ours (PHE + VCR) achieves the best mAP 
(68.7%) among all methods, while Ours (PHE only) attains the highest 
Rank-1 accuracy (89.6%). These results highlight the robustness of our 
framework to both intra-scene and inter-scene domain shifts. Although 
some rank-based metrics are comparable across methods, our approach 
consistently balances identification accuracy and generalization ability 
through the incorporation of pose-aware features.

It is worth noting that while mAP consistently improves after in-
troducing the VCR module, rank-based metrics (e.g., Rank-1, Rank-5) 
exhibit mixed trends across different datasets. This discrepancy stems 
from the fundamental differences in how these metrics evaluate re-
trieval performance: mAP measures the average ranking of all true 
positive matches, rewarding models that push more correct matches 
toward the top of the list, whereas Rank-1 considers only whether the 
very first retrieved sample is correct.

The occasional decrease in Rank-1 accuracy after incorporating 
the VCR module can be attributed to its filtering strategy. During 
evaluation, VCR removes gallery images with inconsistent viewpoints 
relative to the query, discarding cross-view positive matches that differ 
substantially in appearance due to view discrepancy. These matches are 
sometimes ranked highly not because the model accurately captures the 
cattle’s appearance, but because it inadvertently relies on background 
elements such as ground textures or scenery (e.g., the fourth row in 
Fig.  10). By eliminating these misleading matches, VCR encourages the 
model to focus more precisely on discriminative features of the cattle 
itself. As a result, the remaining true positives tend to be semantically 
better aligned with the query, leading to improved mAP. However, 
since Rank-1 evaluates only the top-ranked match, it can decrease if 
the removed cross-view positive was previously occupying the first 
position and is not replaced by another correct match. This trade-off 
highlights how our method enhances overall retrieval quality, even if 
the immediate top match occasionally changes.
Training dynamics. To gain deeper insights into model behavior during 
training, we analyze the mAP-loss trends of different algorithms, as 
shown in Fig.  9. Each curve represents the evolution of mAP as training 
loss decreases. A semi-transparent circle marks the peak mAP achieved 
by each method, with its area proportional to the corresponding Rank-
1 accuracy, enabling a joint comparison of retrieval performance and 
convergence dynamics. Note that in all subfigures, the label Ours refers 
to our full model with both PHE and VCR enabled.

On the Imsil-day1 subset, our method shows a consistently upward 
trend in mAP as the loss decreases, ultimately achieving the highest 
mAP and Rank-1 accuracy among all methods. This indicates both 
efficient optimization and strong generalization. In contrast, methods 
such as AGW and HAT exhibit unstable mAP trajectories, with no-
ticeable fluctuations even at later training stages, suggesting limited 
robustness and convergence issues under the challenging fine-grained 
setting posed by Imsil.

On the Namwon-cam5 subset, which features fewer identities but 
a more visually cluttered background, the performance gap between 
methods narrows slightly. Nevertheless, our method remains the best 
overall performer, reaching the highest mAP and Rank-1. Notably, 
some methods (e.g., PFD and HAT) peak at relatively high loss values, 
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which could reflect early overfitting or sensitivity to specific visual pat-
terns. In contrast, our model steadily improves as training progresses, 
showing both stability and efficiency.

On the open-set subsets shown in Fig.  9(c) and Fig.  9(d), similar 
trends are observed. In Fig.  9(c), our method again outperforms all 
baselines on Imsil13, with a smooth mAP increase throughout training 
and a peak marked by the largest circle, indicating superior Rank-1 
accuracy. Notably, RotTrans exhibits severe instability, with significant 
mAP drops during training, suggesting poor generalization in open-set 
conditions. TransReID and PHA show moderate performance, but with 
less consistent progression.

As shown in Fig.  9(d), which presents results on the Namwon9 
dataset, our method consistently outperforms other methods through-
out the training process, achieving a final mAP of approximately 68%. 
In contrast, both TransReID and PHA exhibit relatively stable but 
limited improvements, eventually plateauing at around 62% and 63%, 
respectively. Notably, RotTrans suffers from severe instability, with 
frequent and sharp drops in mAP as training progresses. These fluc-
tuations highlight its difficulty in achieving robust convergence. Over-
all, our method demonstrates superior robustness and generalization, 
maintaining high performance even as the loss decreases, and avoids 
performance degradation in the later stages of training.
Qualitative visualization. To further illustrate the effectiveness of our 
method, we compare the attention maps generated by different models 
in Fig.  10. The visualization reveals that our model consistently focuses 
on semantically meaningful regions. In contrast, baseline methods such 
as PHA and TransReID often attend to overly broad or irrelevant areas, 
including background clutter or the ground.

This focused attention can be attributed to the integration of pose 
keypoints, which guide the model toward anatomically informative 
regions. As highlighted by the yellow and purple dashed ellipses, our 
attention maps are not only more compact but also better aligned with 
the target individual. This results in enhanced spatial precision and 
improved robustness to background interference.

To better understand the model’s retrieval behavior, we visualize 
the top-5 results for selected query identities in Fig.  11. Each row 
presents a query image (leftmost) followed by its top-5 ranked gallery 
images. Correct matches are framed in green, while incorrect ones are 
in red.

All visualized samples are drawn from gallery images with the 
same ViewID as the query, where the ViewID denotes the estimated 
relative orientation of the individual with respect to the camera. This 
alignment mitigates variations caused by drastic viewpoint changes, 
allowing us to focus on intra-view retrieval performance. Despite the 
shared viewpoints, the top-5 candidates often appear highly similar, 
making fine-grained recognition challenging.

We observe that even within the same viewpoint, cattle can exhibit 
significant appearance variation due to pose and occlusion. For exam-
ple, when a cow faces away from the camera, only the hindquarters are 
visible, while a frontal view reveals the head and facial details. Some 
gallery images also suffer from occlusion, such as cows feeding through 
fences, which can obscure the head and lead to visually misleading 
matches (e.g., ID17 in Row 5, Rank-4).

Most retrievals correctly rank the same identity at high positions. 
However, errors still occur when different individuals share highly 
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(a) Imsil-day1

  
(b) Namwon-cam5

 

 
(c) Imsil13

  
(d) Namwon9

 

Fig. 9. Comparison of performance trends in terms of mAP and training loss across closed-set and open-set settings. Fig. (a) and Fig. (b) show results on 
closed-set datasets (Imsil-day1 and Namwon-cam5), while Fig. (c) and Fig. (d) show results on open-set datasets (Imsil13 and Namwon9). Each curve illustrates 
the progression of mAP against decreasing training loss for different methods. A translucent circle marks the peak mAP of each method, with the size of the 
circle proportional to the corresponding Rank-1 accuracy, enabling a joint analysis of retrieval performance and convergence behavior.
similar visual traits. For instance, ID16 (Row 4) has no horns, while 
its Rank-4 and Rank-5 mismatches both have visible horns. Conversely, 
ID14 (Row 2) has horns, but its Rank-5 match lacks them. These exam-
ples highlight the challenges posed by fine-grained visual differences 
and partial occlusions in cattle ReID.

5.4. Ablation study

We conduct ablation studies to analyze the effectiveness of key com-
ponents in our proposed framework. Note that the baseline model used 
throughout our comparisons is TransReID (He et al., 2021), a strong 
ViT-based ReID method. In Section 5.3, we have already compared our 
full model against this baseline in terms of mAP and Rank-1 accuracy 
across various closed-set and open-set settings.

In particular, TransReID serves as our baseline without any pose-
related cues or explicit viewpoint filtering. While the original Tran-
sReID framework includes an optional Viewpoint Embedding module, 
which assigns different learnable embeddings based on predefined view 
labels, we found in our internal exploration that directly incorporating 
such ViewID embeddings did not lead to consistent improvements in 
the cattle ReID scenario. As a result, this component was not included 
in the main comparisons presented earlier in the paper.

To provide a fair and comprehensive evaluation, we further com-
pare our proposed ViewID-based filtering strategy with the original 
Viewpoint Embedding mechanism from TransReID in the following ab-
lation study. This allows us to assess the relative effectiveness of our ap-
proach in leveraging viewpoint information for improved identification 
performance.

Comparative analysis of viewpoint encoding methods. Table  6 presents 
an ablation study on three components for modeling viewpoint vari-
ations: the pose heatmap encoder (PHE), viewID embedding (VID), 
and viewpoint-constrained retrieval (VCR). Among them, PHE encodes 
pose-dependent visual cues via keypoint heatmaps, while VCR restricts 
retrieval to gallery images with consistent viewpoint. In contrast, VID, 
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a module introduced in TransReID (He et al., 2021), is included in our 
baseline and models viewpoint information via a learnable embedding 
vector.

While the combination of PHE and VCR achieves competitive per-
formance, it consistently yields the best mAP across all datasets. For 
instance, on Imsil10, this combination achieves the highest mAP of 
60.1%, outperforming the baseline (53.3%) by +6.8%. On Namwon9, it 
further improves the baseline from 62.8% to 68.7%, indicating its effec-
tiveness in both intra-scene and cross-scene retrieval tasks. Notably, on 
Namwon9, using only PHE results in the highest Rank-1 (89.6%) and 
Rank-5 (95.8%) accuracies, demonstrating the strong discriminative 
power of pose-guided features.

The VID module, although designed to capture viewpoint variations, 
does not provide consistent gains in our cattle ReID setting. In fact, 
incorporating VID into the baseline often leads to performance drops, 
such as a decrease in mAP from 53.3% to 51.8% on Imsil10 and from 
62.8% to 59.7% on Namwon9. This suggests that relying solely on 
learnable ViewID embeddings may interfere with the fine-grained spa-
tial cues from pose heatmaps, and is insufficient for modeling complex 
orientation variations in animals.

VCR proves particularly effective for both recognition accuracy 
and practical deployment. In real-world applications such as precision 
livestock farming, VCR helps filter out gallery candidates with incom-
patible viewpoints, reducing false matches caused by large appearance 
differences. This leads to improved system robustness and enhanced 
user confidence. Moreover, VCR highlights the importance of viewpoint 
consistency in cross-camera ReID and serves as a lightweight and 
scalable solution for real-time applications.

The practical value of VCR is further supported by results in Table 
4. In closed-set scenarios, especially in controlled environments such as 
indoor farms, VCR-based configurations consistently boost both mAP 
and rank-based metrics, reaffirming its utility in enhancing recognition 
reliability.
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Fig. 10. Qualitative comparison of attention maps generated by different methods, including the raw image, PHA, TransReID, and our method. Notice that 
important regions are marked with yellow and purple dashed ellipses. Benefiting from pose keypoints, our method generates attention maps that are more 
concentrated on discriminative textures of the cow, while suppressing irrelevant background regions such as the ground or surrounding environment.
Table 6
Performance comparison of different viewpoint modeling module combinations. Columns indicate whether each component is used: Pose Heatmap Encoder (PHE), 
ViewID Embedding (VID), and Viewpoint-Constrained Retrieval (VCR).
 PHE VID VCR Imsil10

(TTR = 0.47)
Imsil13
(TTR = 0.32)

Namwon9
(TTR = 0.25)

 mAP Rank-1 Rank-5 mAP Rank-1 Rank-5 mAP Rank-1 Rank-5 
 53.3 84.8 93.7 60.6 81.9 95.4 62.8 82.3 90.6  
 ✓ 51.8 85.1 94.1 60.2 82.3 93.7 59.7 84.4 92.7  
 ✓ ✓ 56.5 81.0 94.1 61.1 78.5 91.6 63.9 86.5 89.6  
 ✓ 58.1 80.3 93.7 62.4 80.2 92.4 67.0 84.4 91.7  
 ✓ ✓ 52.3 85.5 94.4 58.6 82.3 92.0 63.7 86.5 89.6  
 ✓ 54.9 85.1 97.0 61.5 85.2 96.2 64.5 89.6 95.8  
 ✓ ✓ ✓ 56.8 80.3 91.4 61.0 78.9 92.8 67.3 80.2 90.6  
 ✓ ✓ 60.1 85.7 96.1 62.8 81.0 93.7 68.7 86.5 94.8  
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Fig. 11. Top-5 retrieval results for selected query identities. Each row shows a query image followed by its top-5 ranked gallery images. Correct matches are 
marked with green borders, and incorrect ones with red. This illustrates the model’s retrieval accuracy and typical failure cases.
Table 7
Comparison of aggregation strategies for pose heatmaps.
 Method Imsil-day1

(Closed-set)
Imsil10
(TTR = 0.47)

Namwon9
(TTR = 0.25)

mAP Rank-1 Rank-5 mAP Rank-1 Rank-5 mAP Rank-1 Rank-5 
Max 94.0 92.7 97.6 60.1 85.7 96.1 68.7 86.5 94.8  
Mean 91.7 87.8 95.1 59.9 80.3 94.1 64.6 81.2 92.7  
Concat 91.7 90.2 95.1 43.3 64.3 85.1 62.3 80.2 91.7  
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ggregation strategies for pose heatmap fusion. Table  7 compares three 
ifferent strategies for aggregating pose heatmaps as input to the Pose 
eatmap Encoder (PHE): max pooling, average pooling (mean), and 
oncatenation. These strategies determine how the multiple keypoint 
eatmap channels are combined before being encoded.
The results show that max pooling consistently outperforms other 

trategies across all datasets. It achieves the best performance on Imsil-
ay1 (mAP 94.0%, Rank-1 92.7%) and Namwon9 (mAP 68.7%, Rank-1 
6.5%), as well as the highest scores on Imsil10 (mAP 60.1%, Rank-1 
5.7%), demonstrating its effectiveness in both closed-set and open-set 
cenarios.
Mean pooling performs comparably but slightly worse, especially 

n Namwon9 (mAP 64.6%, Rank-1 81.2%), suggesting that averaging 
patial responses may dilute discriminative pose information. Concate-
ation, although it preserves all channel information by stacking them 
ogether, consistently yields the worst performance. For example, on 
msil10, it results in a significantly lower mAP of 43.3% and Rank-
 accuracy of 64.3%. This indicates that increasing dimensionality 
ithout aggregation may introduce optimization challenges or lead to 
verfitting.
In summary, this ablation validates that max pooling is the most 

ffective and robust aggregation strategy for pose heatmaps in our 
N

15 
etting. While mean pooling may serve as a lightweight alternative, 
oncatenation is not recommended due to its suboptimal performance 
nd computational inefficiency.

obustness to pose keypoint errors. In this section, we evaluate the 
obustness of our framework to errors in pose keypoint detection, which 
ay arise due to inherent limitations of the pose estimation network, 
articularly in the presence of occlusion or complex postures.
To assess the reliability of the pose estimator, we first visualize key-

oints extracted under various real-world conditions. As shown in Fig. 
2, the network consistently detects most keypoints, even when cattle 
re lying down, feeding, or partially occluded. These qualitative results 
ighlight the estimator’s generalizability and its practical applicability 
n unconstrained environments.
To accommodate incomplete or missing keypoints, PHE operates 

n dense Gaussian heatmaps rather than sparse keypoint coordinates. 
ach detected keypoint is encoded as a separate heatmap channel, with 
issing keypoints corresponding to zero-valued channels. These are 
ggregated into a single heatmap, which is fused with image features 
ia element-wise addition. As a result, missing keypoints contribute 
o information, while inaccurately localized ones may introduce noise. 
evertheless, the spatial structure of the heatmaps provides a degree 
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Fig. 12. Examples of pose keypoint detection results under various cattle postures, including lying down, feeding, and partially occluded cases.
Fig. 13. Impact of random keypoint removal on the mAP performance of the PHE module on the Imsil-day1 dataset. The labels ‘‘0’’, ‘‘3 removed’’, ‘‘6 removed’’, 
‘‘9 removed’’, and ‘‘w/o PHE’’ correspond to the number of keypoints removed and the condition without the PHE module, respectively.
of tolerance to such errors, enhancing robustness without over-reliance 
on pose inputs.

We further evaluate the robustness of PHE through an ablation 
study, in which varying numbers of keypoints are randomly removed 
before being fed into the module. As presented in Fig.  13, PHE main-
tains stable performance even when approximately 53% of the key-
points (9 out of 17) are removed, showing only a moderate drop in 
mAP. In contrast, completely disabling the PHE module leads to a 
16 
significant performance decline of 6.5%, highlighting its overall contri-
bution to the framework. These results confirm the module’s resilience 
to partial input degradation.

For VCR, robustness has already been validated in our earlier ab-
lation study, with results summarized in Table  6. These experiments 
inherently account for real-world pose estimation inaccuracies, such 
as missing or imprecise keypoints. Despite such imperfections, VCR 
consistently improves ReID performance over the baseline. In rare 
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Table 8
Inference efficiency under different batch sizes with PHE enabled.
 Batch size Time per Image (s) FPS Notes  
 1 0.14347 69.70 No batching  
 32 0.00770 129.93 GPU-parallelized inference  
 64 0.00748 133.71 Slight gain from larger batch 

cases of detection failure (e.g., any missing hoof keypoints), VCR skips 
viewpoint estimation for the affected image. Otherwise, it remains 
effective even in the presence of minor keypoint localization errors.

Overall, these mechanisms ensure that our framework remains ro-
bust even in the presence of partial or complete pose estimation errors, 
allowing stable ReID performance without interruption. While devia-
tions in keypoint detection may introduce some noise, our method is 
designed to maximize robustness and error tolerance, mitigating the 
impact of such inaccuracies as much as possible.
Inference efficiency and real-time deployment capability. Our proposed 
framework is designed in a modular fashion, enabling the ReID com-
ponent to be flexibly integrated into comprehensive multi-task systems 
that may include object detection, tracking, and action recognition. 
This modular design allows the ReID functionality to be selectively 
applied without introducing significant computational overhead to the 
overall system.

To assess inference-time efficiency, we separately measure the com-
putational cost of the PHE and the VCR modules. As summarized in 
Table  8, the inference speed varies with the batch size. Under batch size 
1, which simulates single-frame inference or edge-device deployment, 
the system processes each image in 0.14347 s, corresponding to 69.70 
frames per second (FPS). When the batch size is increased to 32 or 
64, which is more representative of server-based or batch processing 
scenarios, the FPS rises to 129.93 and 133.71, respectively. These 
results exceed the commonly accepted threshold of 60 FPS for real-time 
performance.

The VCR module is extremely lightweight, requiring only 0.00013 s 
per individual to compute the ViewID, resulting in an effective process-
ing speed exceeding 7000 FPS. The computational cost of this module 
is therefore negligible in the context of the overall inference pipeline.

These findings demonstrate that while the PHE module introduces 
moderate computational overhead, the framework as a whole remains 
capable of real-time performance across various deployment environ-
ments. The proposed system is thus well-suited for practical applica-
tions requiring rapid and modular cattle identification in multi-camera 
and multi-view settings.

6. Conclusion

This paper presents a deployment-friendly framework for Hanwoo 
cattle ReID in real-world farm environments. Unlike methods that 
rely on extracting specific views such as facial or muzzle images, our 
framework is pose-free and requires only the installation of cameras 
in barns without manual viewpoint selection, enabling practical and 
scalable deployment in precision livestock farming scenarios. To ad-
dress challenging pose and viewpoint variations, we introduce two 
novel modules: the PHE, which leverages 2D keypoints from a pose 
estimation model to guide the Transformer’s attention toward identity-
relevant regions, improving robustness to body deformation; and the 
VCR strategy, which estimates cattle orientation from monocular im-
ages by projecting hoof keypoints onto a BEV plane and filtering gallery 
samples based on viewpoint consistency, thereby enhancing retrieval 
accuracy under large orientation changes.

We also contribute the HanwooReID dataset, which contains 9,929 
manually verified images of 31 Hanwoo cattle. Collected in authentic 
barn environments, the dataset captures natural variations in cattle 
poses and viewpoints, offering a representative and practical resource 
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for developing and evaluating cattle ReID methods under real-world 
farm conditions. Extensive experiments under both closed-set and open-
set evaluation settings demonstrate the effectiveness of our proposed 
framework. In closed-set scenarios, our method achieves up to 7.4% 
improvement in mean Average Precision (mAP) over our baseline. In 
open-set settings, where the test identities are entirely disjoint from 
the training set, we observe up to 6.8% mAP gain, highlighting the 
framework’s generalizability to unseen individuals.

Despite these promising results, certain limitations remain. While 
infrared images offer clear contour visibility in low-light or nighttime 
environments, their lack of color and limited texture contrast make in-
dividual discrimination more challenging, especially for Hanwoo cattle 
whose external appearance is relatively homogeneous. Consequently, 
our current work focuses on daytime RGB images, which preserve 
richer visual cues such as coat color, texture, and shadows. In future 
work, we plan to incorporate IR-based data and explore cross-temporal 
ReID to improve robustness under varying illumination conditions. We 
also aim to expand the dataset with more identities, larger image collec-
tions, and short video sequences to capture subtle behavioral patterns, 
which may serve as a complementary cue for identity discrimination. 
By addressing these directions, we believe our framework can further 
advance the applicability of cattle ReID in precision livestock farming.
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