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Abstract9

Despite significant progress in computer vision for precision livestock farming, a critical challenge persists: the lack10

of effective long-term cattle re-identification datasets under real-world conditions, primarily due to substantial phenotypic11

changes. To address this challenge, we present the Beef Cattle dataset (BECA), a novel, large-scale dataset specifically12

designed to support long-term and diverse cattle recognition from dorsal views. BECA encompasses two sub-datasets: the13

Beef Cattle dataset for Diversity (BECA-D), containing 16,889 images from 5,661 beef cattle across multiple breeds, designed14

to capture visual diversity for recognition; and the Beef Cattle dataset for Long-term recognition (BECA-L), comprising15

12,172 annotated images from 103 cattle tracked over a continuous period of up to five months—representing a notably long16

duration for cattle recognition datasets. Additionally, we provide annotation subsets for key pipeline tasks such as object17

detection and pose estimation, supporting the development of diverse models for long-term recognition. Collectively, BECA18

establishes a comprehensive benchmark for vision-based livestock management, facilitating research in cattle identification,19

behavior analysis, and welfare monitoring.20

Background & Summary21

Large-scale and centralized growing and fattening of beef cattle is essential for societal development [1]. Large-scale22

farming can reduce costs and save space while meeting the growing demands for increased production [2]. Precision livestock23

farming, which leverages modern technologies to improve efficiency, animal welfare, and sustainability, is crucial in this24

context. As the dairy industry becomes more intelligent and streamlined [3, 4, 5, 6], similar advancements in the beef cattle25

industry deserve attention.26

The dairy industry offers valuable reference and comparison points. Large-scale dairy farming is characterized by high27

profit, numerous metrics, and uniform breeds. The main product is milk, and by-products include dairy bulls and culled cows.28

The focus in dairy farming is on managing the estrus and lactation periods [9, 10], with dairy cows requiring nearly 30029

days of milking each year, using specialized lanes. These specialized facilities also enable systematic dorsal data collection,30

as evidenced by datasets like OpenCows2020[21] and Cows2021[22]. This is significantly different from the focus of the31

beef cattle industry. Beef cattle breeds mainly include Simmental and Angus [11], and fattening primarily involves bulls.32

Once grouped, the cattle are fed and fattened in confined areas under group management, with the main by-product being the33

fattened beef cattle [12, 13].34

The beef cattle industry presents several challenges for implementation of precision livestock farming implementation.35

These challenges include longer profit cycles with relatively lower returns, fewer metrics, and a high proportion of crossbred36

cattle. This leads to several issues during the fattening process: Firstly, beef cattle breeds are predominantly hybrid, with a37

variety of common breeds including Simmental and Angus [14, 15], with some cattle showing minimal weight gain despite38

consistent feeding. Secondly, the strong aggression and fighting tendencies of bulls increase the difficulty of external tagging39

[16, 17], such as higher probabilities of ear tag loss and increased difficulty in re-tagging. Thirdly, the stress response caused40

by ear tags is amplified. Dairy cattle have a lifespan of 3-5 years, whereas beef cattle are only kept for 18 months, magnifying41



the stress response from pain. As a result, ear tags are not ideal for beef cattle management, which demands lower-cost and42

less intrusive solutions.43

Recent advancements in artificial intelligence have propelled bovine recognition technologies to the forefront of preci-44

sion livestock research, primarily through sophisticated computer vision techniques encompassing cattle detection[18, 19],45

tracking[20], facial recognition[16, 17], individual identification[21, 22, 23, 24, 25], and coat pattern analysis[26, 17, 27].46

Current methodologies demonstrate specialized progress across domains: In cattle detection, Wenjie Yang et al. achieved47

state-of-the-art performance through deformable convolutions and coordinated attention mechanisms in YOLOv8[27]. In cat-48

tle tracking, Shujie Han et al. implemented trajectory tracking via modified YOLOv5 architectures[20], while Su Myat Noe49

et al. recently optimized a multi-camera YOLOv8 system for tracking black cattle in complex open ranch environments[43].50

In cattle keypoint estimation, Qingcheng Fan et al. combined optimized YOLO with HRNet for comprehensive skeletal51

analysis[7]. In re-identification, Xingshi Xu et al. pioneered few-shot identification through meta-learning frameworks[26].52

Notably, W. H. E. Mg et al. leveraged trajectory data and time-series analysis for automated calving time prediction, high-53

lighting the growing demand for long-term behavioral monitoring[44].54

While recent advances have improved cattle recognition performance, two limitations persistent challenges for real-world55

deployment and model generalization. Firstly, most studies rely on viewpoint-specific datasets, where cattle images are56

captured from limited or non-overlapping angles, preventing effective cross-view integration. Secondly, there is a notable57

absence of multi-task benchmark datasets and standardized evaluation metrics, which limits reproducibility and hampers real-58

world deployment of these technologies.59

Considering the aforementioned limitations, the dataset developed in this paper focuses on the dorsal view of cattle. This60

choice leverages the rich and stable texture patterns on the back, which provide strong visual cues for individual identification.61

The dorsal view also enables non-contact image capture, particularly when cattle are feeding, allowing consistent viewpoint62

alignment under practical farm conditions. Furthermore, it reduces perspective distortion, scale variation, and occlusion63

compared to other viewpoints, resulting in higher image consistency and improved suitability for long-term recognition.64

Figure 1 presents an overview of the BECA-D and BECA-L, illustrating the diversity and long-term characteristics of beef65

cattle images. Computer vision-based beef cattle recognition systems can generally be categorized into two stages: upstream66

tasks focused on identity image acquisition and downstream tasks aimed at recognition and matching. Upstream tasks typically67

involves object detection and tracking, where the goal is to accurately localize and identify individual cattle within the visual68

field. Downstream tasks then build upon this foundation and include pose estimation, re-identification, and other analyses69

performed on the detected targets.70

Figure 1. Overview of the BECA-D and BECA-L

In the upstream identity image acquisition task: BECA-L supports rotated object detection through Oriented Bounding71

Box (OBB) annotations. Compared to axis-aligned bounding boxes, OBB detection provides a significant advantage for72
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dorsal cattle images, where targets often exhibit elongated shapes and tend to overlap due to camera perspectives. The use73

of oriented bounding boxes enhances the coverage ratio of the target within the detection region, while preserving the natural74

aspect ratio of the image. Furthermore, BECA-L incorporates keypoint annotations that facilitate precise image alignment.75

Through multi-keypoint localization tailored for dorsal cattle recognition, the dataset enables more accurate image registration,76

thereby lowering the requirements for image acquisition consistency and enhancing detection performance in subsequent re-77

identification tasks.78

In the downstream recognition and matching task: BECA-L captures growth variations in beef cattle across growth79

cycles, with images collected at daily or near-daily intervals. This temporal richness addresses a critical gap in existing cattle80

recognition datasets, particularly in real-world scenarios. Moreover, the dataset facilitates research into zero-shot and few-81

shot learning paradigms for cattle identification. Pretraining models on the BECA-D enables transfer learning that achieves82

competitive performance in open-set cattle recognition tasks. Additionally, by utilizing a limited number of multi-angle83

samples from BECA-L, effective few-shot learning strategies can be developed, yielding promising recognition accuracy with84

minimal labeled data.85

Methods86

The BECA was developed to bridge the gap between AI model validation in controlled environments and its deployment87

in precision livestock farming. It comprises multiple beef cattle breeds and a systematically collected set of long-term dorsal-88

view images. As shown in Figure 2, the construction process of the BECA involves the following steps:89

1. Deploy the camera and collect the data.90

2. Annotate the cattle dorsal object detection dataset and train an object detection model.91

3. Annotate the Oriented Bounding Box based on the trained object detection model.92

4. Define keypoints for the cattle dorsal view, annotate a posture estimation dataset, and train a keypoint detection model.93

5. Annotate long-term re-identification data and train the Re-ID model.94

The two sub datasets of BECA differ in their annotation strategies and task-specific design choices, which will be elabo-95

rated separately. Each step in the pipline will be further detailed in the following sections.96

Figure 2. Diagram of data collection and processing

1. Deploy the camera and collect the data97

Proper camera deployment is crucial for collecting image data of beef cattle in farm scenes. Cameras are installed 3 or 698

meters above the cattle weighing area. The deployment height is mainly determined by two factors: the metal framework of99

the roof and whether the camera’s focal length can cover the cattle. When the cattle pass through the weighing passage, they100
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pause briefly, allowing the cameras to take and save photographs. Since the cameras do not have exposure devices, the data101

collection process does not cause additional stress to the cattle, thereby not affecting their welfare.102

The design details of the data collection system for the BECA-D are shown in Figure 3(a). The system consists of103

terminals, a local area network (LAN), cameras, and scales. When a cow steps onto the scale, the weight reading rapidly104

increases and stabilizes within a few seconds. Once stabilized, the LAN-connected camera is automatically triggered to105

capture images at 2-second intervals, with a maximum of three images recorded per session. This 6-second capture window106

was determined based on real-world observations, where the average time a cow spends on the scale is approximately 30107

seconds. The resulting images typically capture variations in the cow’s behavior and posture, such as lowering its head,108

turning its head sideways, looking backward, or taking a step forward.109

The data collection system design for the BECA-L is shown in Figure 3(b). It mainly consists of terminal control and110

cameras. The terminal controls all cameras to take simultaneous photos while the cattle are feeding, and the images are saved.111

Each day, 18 sets of images are collected, with a 3-minute interval between each set. During the data collection period for the112

BECA-L, the beef cattle were maintained in fixed groups without any changes to their pens or social configurations, ensuring113

consistent sampling of the same individuals over time.114

Figure 3. Data Collection process for cowshed equipment

2. Annotate the cattle dorsal object detection dataset and train an object detection model.115

We selected a subset of images for object detection annotation. In total, 874 overhead images of cowsheds were manually116

annotated, yielding 4,178 individual cattle instances. The annotation process followed two key principles o ensure high-quality117

and reliable data for cattle recognition tasks:118

• Preservation of complete cattle information: Images were selected to include as much of the entire cattle body as119

possible, particularly focusing on maintaining full visibility of key features such as the head, tail, and body. This helps120

in supporting a wide range of downstream tasks, including detection, pose estimation, and re-identification.121

• Exclusion of partially cropped cattle: To avoid ambiguity and reduce noise in the training and evaluation processes,122

images in which cattle were partially cut off by the image boundaries were excluded. Such cropping can lead to123

incomplete feature representation and may negatively impact model performance.124

For model training, we split the dataset into training and validation sets at an 80:20 ratio. And we employed YOLOv11125

[8] as the backbone network. Given the relatively uniform size of targets in the overhead view, only the detection heads for126

medium and large objects were retained in the model’s output layer. Based on the trained model, we then performed inference127

on the remaining data. A manual review process was employed, where detection boxes were drawn on the original images128
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for screening and adjustment, ultimately resulting in the final Axis-Aligned Bounding Box (AABB) annotations for object129

detection.130

It is worth noting that cattle dorsal targets tend to be elongated and often appear at rotational angles, resulting in aspect131

ratios significantly greater than one. In dense or tilted arrangements, this can cause bounding boxes to be suppressed during132

non-maximum suppression. To address this issue, oriented object detection annotations will be incorporated in the subsequent133

steps of dataset development.134

3. Annotate the Oriented Bounding Box based on the trained object detection model.135

Due to the misalignment between the bounding boxes and the actual orientation of cattle, challenges arise when cattle136

gather closely during feeding. In such high-density scenarios, any tilt in the cattle’s posture may cause bounding boxes to137

overlap with neighboring individuals, leading to inclusion errors and a reduction in the clarity of identity-related features138

captured for each cow. This can hinder subsequent re-identification tasks. Furthermore, since the dorsal view of cattle is139

typically an elongated target with a height-to-width ratio significantly greater than one, missed detections become more likely140

when cattle are densely packed. It can be observed that the oriented detection box captures the target cow with less interference141

from surrounding cows or the environment. This is further exacerbated by the non-maximum suppression algorithm, which142

may remove valid results under such conditions.143

To address this, we developed an approach for capturing oriented bounding boxes (OBBs) from the dorsal view of cattle,144

as detailed in Algorithm 1. This method ensures that the cattle are consistently aligned with the head oriented upward and the145

tail downward. By doing so, it helps reduce image noise and misalignment, thereby improving the accuracy and reliability of146

downstream tasks such as recognition and pose estimation.147

Algorithm 1 Oriented Bounding Box Generation via Rotational Scan

Require: Original image I, detection model M, rotation step ∆θ

Ensure: OBB annotations O, orientation angles Θ

Phase 1: Canvas Preparation
1: h,w = height(I),width(I)
2: C = CreateCanvas(1.4h,1.4w)
3: CenterCopy(I,C) ▷ Copy I to center of C

Phase 2: Rotational Scanning
4: θ =−45◦, T = /0 ▷ Initialize angle and target array
5: while θ ≤+45◦ do
6: Cθ = Rotate(C,θ ,pivot = center(C))
7: Bθ = M(Cθ ) ▷ Detect bounding boxes

Phase 3: Temporal Matching
8: if θ ̸=−45◦ then
9: H = HungarianMatch(Bθ−∆θ ,Bθ )

10: for (bprev,bcurr) ∈ H do
11: T = UpdateTarget(T,bcurr,θ)
12: end for
13: end if
14: θ = θ +∆θ

15: end while
Phase 4: OBB Selection

16: for target ∈ T do
17: b∗ = argmaxb∈target

(
width(b)
height(b)

)
18: O = O∪{ConvertToOBB(b∗)}, Θ = Θ∪{θb∗}
19: end for

The proposed method consists of four coordinated phases:148

1. Canvas Preparation: Creates an extended canvas C with dimensions calculated as:{
height(C) = n×height(I)
width(C) = n×width(I)

where n > 0 (1)
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The original image I is centered via CenterCopy preserving aspect ratio.149

2. Rotational Scanning: Performs discrete rotation scan with:

θ ∈ {−45◦,−45◦+∆θ , . . . ,+45◦} (2)

Recommended step size ∆θ = 1◦ balances precision and computation.150

3. Temporal Matching: Hungarian algorithm minimizes matching cost:

H = argminmatching π ∑
i
∥bi−π(b′i)∥2 (3)

where ci and c′i denote the centers of bounding boxes in consecutive frames, and π denotes the permutation of boxes.151

We use the L2 distance between bounding box centers instead of IoU as the cost metric. This choice is motivated by152

the fact that in densely packed dorsal images of tilted cattle, elongated boxes often overlap, leading to unstable IoU153

values. Additionally, the rotation of boxes introduces orientation differences, further complicating IoU computation.154

In contrast, the L2 distance between centers provides a more stable and reliable matching measure, especially in the155

context of iterative rotations.156

4. OBB Selection: Maximizes aspect ratio for rotation robustness:

OBB = ConvertToOBB(b∗,θb∗) (4)

The conversion considers both rotation angle and projective transformation.157

After the OBB annotation, a manual review was conducted to eliminate abnormal matching results generated during the158

rotation process and to remove incomplete detection boxes. This ensures that the dorsal view of cattle is fully contained within159

the oriented detection box. The advantage of OBBs over AABBs is illustrated in Figure 4.160

Figure 4. Comparison between axis-aligned and oriented object detection boxes: the red box represents the axis-aligned
detection box and the green box denotes the oriented object detection box.

4. Define keypoints for the cattle dorsal view, annotate a posture estimation dataset, and train a keypoint detection161

model.162

In face recognition systems, images typically undergo an alignment process after detection, which significantly improves163

the accuracy of subsequent matching. Similarly, in cattle recognition, pose estimation annotations can provide valuable164

pose information that benefits various downstream tasks, such as re-identification and behavior analysis. Inspired by this165

concept, we designed 13 skeletal key points for annotation based on the joint degrees of freedom of cattle, as shown in the166

Figure 5. The 13 key points, numbered from 1 to 13, are as follows: 1.Poll 2.Cervical Vertebrae Crest (Near the Atlas Region)167

3.Withers 4.Thoracolumbar Junction 5.Tail Head 6.Left Tuber Coxae (Left Hook Bone) 7.Right Tuber Coxae (Right Hook168

Bone) 8.Left Patella (Stifle Region) 9.Right Patella (Stifle Region) 10.Left Scapulohumeral Joint (Shoulder Joint) 11.Right169
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Scapulohumeral Joint (Shoulder Joint) 12.Left Ear Base 13.Right Ear Base. We believe these 13 points exhibit uniform and170

symmetrical distribution across the dorsal view of cattle, which is beneficial for describing the structural angles caused by the171

twisting of the cervical and lumbar vertebrae.172

Figure 5. Keypoints annotation example

We annotated the 4178 images from results obtained in the third step. During the annotation process, we invited 3 pro-173

fessionals in beef cattle breeding and 3 experts in beef cattle slaughtering, relying on their familiarity with cattle anatomy to174

annotate the key points.175

In particular, certain skeletal landmarks (points 9, 10, 11, and 12) are partially occluded by muscle tissue from the top-view176

perspective. These points, however, are essential for assessing spinal tilt and evaluating cattle posture and behavior. Breeding177

experts contributed knowledge of muscle distribution, while slaughterhouse experts provided insights into the underlying178

skeletal structure. This complementary expertise allowed both groups to accurately infer the positions of occluded landmarks.179

Each image was annotated independently by both expert types, and the final keypoint coordinates were determined as the180

midpoint of the two annotations to ensure high precision and consistency.181

After splitting the resulting cattle keypoint dataset into training and testing sets in an 8:2 ratio, we trained a pose estimation182

model. The trained model was then used to perform inference on all images in the BECA-L dataset, yielding the cattle keypoint183

annotations.184

5. Annotate long-term re-identification data and train the Re-ID model.185

In this step, we used the OBB dataset obtained from the traversal process described in Step 3 for training and annotation.186

Since each cow in the BECA-D appears relatively independently within the field of view and images are captured at 3-second187

intervals, it is possible to associate each image group with a specific cattle identity, ensuring that each image carries an ID188

attribute. Based on the BECA-D, we conducted re-identification training. During training, 16,083 images from 5,361 cattle189

were used for training, and 806 images from 300 cattle were used for testing. For the evaluation protocol, we constructed190

an equal number of positive and negative sample pairs, computed their cosine similarity, and then searched for the optimal191

threshold to separate positive from negative samples. The model was trained using a combination of cross-entropy loss and192

triplet loss functions.193

Given the prolonged data acquisition period of the BECA-L, where individual cattle reappear over extended time spans—manual194

annotation of identity labels becomes prohibitively expensive. To alleviate this challenge, we propose a similarity-driven195

simulation-optimization heuristic based on the zero-shot identification performance of the OSNet[30] trained on the BECA-196

D. The core procedure is formalized in Algorithm 2.197
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Algorithm 2 Identity-Aware Clustering with Conflict Constraints

Require: Image dataset D, pre-trained OSNet M, initial threshold τ0
Ensure: Cluster assignments A, conflict set C

Phase 1: Threshold Initialization
1: τ ← τ0 ▷ Optimal ZSL threshold from OSNet training

Phase 2: Negative Sample Construction
2: for all (xi,x j) ∈ D×D do
3: fi←M(xi), f j←M(x j) ▷ Feature extraction
4: if sim( fi, f j)< τ then
5: C←C∪{(xi,x j)} ▷ Conflict pair registration
6: end if
7: end for

Phase 3: Hierarchical Clustering
8: P← AllPairs(D) ▷ Generate n(n−1)/2 pairs
9: P← Sort(P,sim( fi, f j)) ▷ Ascending order by distance

Phase 4: Conflict-Aware Aggregation
10: while P ̸= /0 do
11: (xi,x j)← PopMin(P) ▷ Closest remaining pair
12: if ∄c ∈C s.t. (xi,x j)⊆ c then
13: A←MergeClusters(xi,x j) ▷ Agglomerative merging
14: end if
15: end while

The proposed method consists of four coordinated phases:198

1. Threshold Initialization: Uses the optimal cosine similarity threshold (τ) determined during OSNet’s zero-shot learn-199

ing phase, where τ0 = µ−2σ (mean minus two standard deviations of positive pair similarities).200

2. Negative Sample Construction: Constructs conflict set C containing all image pairs with similarity below τ . This
implements:

C = {(xi,x j)|∀xi,x j ∈ D,sim(M(xi),M(x j))< τ} (5)

3. Hierarchical Clustering: Generates and sorts all possible feature vector pairs by ascending cosine distance using:

sim( fi, f j) = 1−
fi · f j

∥ fi∥∥ f j∥
(6)

4. Conflict-Aware Aggregation: Performs agglomerative clustering while respecting conflict constraints through:

Anew =

{
A∪{xi∪ x j}, if ∀xk ∈ A,(xk,x j) /∈C
A, otherwise

(7)

Following the initial grouping, a second round of manual annotation was performed. All images in the BECA-L were201

independently reviewed and labeled by at least two annotators. Any images with inconsistent labels were discarded to main-202

tain a high level of identity consistency throughout the dataset. By integrating automated clustering with rigorous human203

validation, we obtained the final, refined version of the BECA-L.204

Data Records205

The data is available at Figshare[45]. The directory is divided into two subfolders: "BECA-D" and "BECA-L", with no206

overlapping cattle individuals between the two folders, and each can be used independently.207

The BECA-D folder includes three components: the "train" folder containing 16,083 images from 5,361 individual cattle208

for training, the "val" folder with 806 images from 300 identities for validation, and the "pairs.txt" file, which provides 1,424209

labeled image pairs for similarity evaluation.210
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Figure 6. Statistics of Cattle IDs, Number of Collected Images, and Collection Dates in the BECA-L

The BECA-L folder consists of two subfolders: "obj_detection" and "reid". The "obj_detection" folder provides object211

detection annotations and consists of "image", "obb_output", and "annotations.json". The "image" folder contains raw images212

collected from cowsheds. The "annotations.json" file follows the COCO format and includes image information and annotation213

information, while the "annotations" section includes object-level annotations, such as AABBs, OBBs, and keypoints. The214

object detection annotations adopt the ’xyxy’ format. For OBB annotations, we follow the ’xyxyangle’ format as defined215

in the HRSC dataset specification [38]. The "obb_output" folder stores results where the OBB annotations are overlaid216

on the original images and cropped accordingly. The "reid" folder contains re-identification annotations based on OBB-217

cropped images, organized into four subfolders: "cowshed0", "cowshed2", "cowshed3", and "cowshed _sum". The first218

three subfolders include identity-labeled images from individual cowsheds. The "cowshed_sum" folder aggregates all images219

from the three sheds, with identities relabeled for consistency, totaling 12,172 images from 103 cattle. Long-term statistical220

distributions across the sheds are shown in Figure 6.221

It is important to note that the number of images per cattle varies due to two primary factors. The frequency with which222

each animal appears during the fixed data collection periods is inherently unpredictable. Additionally, pen adjustments oc-223

casionally occur during the beef cattle rearing process. For animal welfare reasons, some cattle were relocated out of the224

collection area before the completion of the data acquisition period.225

Technical Validation226

The dataset development process encompasses four main tasks: object detection, oriented object detection, keypoint227

detection, and re-identification. At each task, specific strategies were employed to ensure data accuracy and consistency. The228
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evaluation of model performance is based on several standard metrics commonly used in object detection, classification, and229

pose estimation. The definitions and formulas of these metrics are given below:230

• Precision:

Precision =
T P

T P+FP
(8)

where T P is the number of true positives and FP is the number of false positives.231

• Recall:

Recall =
T P

T P+FN
(9)

where FN is the number of false negatives.232

• Accuracy:

Accuracy =
T P+T N

T P+T N +FP+FN
(10)

where T N is the number of true negatives.233

• F1 Score:

F1 Score = 2 · Precision ·Recall
Precision+Recall

(11)

• Object Keypoint Similarity (OKS) for pose estimation:

OKS =
∑i exp

(
− d2

i
2s2k2

i

)
·δ (vi > 0)

∑i δ (vi > 0)
(12)

where di is the Euclidean distance between the predicted and ground-truth keypoint i, vi is the visibility flag (1 if visible,234

0 otherwise), s is the object scale (e.g., square root of the bounding box area), and ki is a keypoint-specific constant that235

controls the decay rate.236

• Mean Average Precision at matching threshold = 0.5 (mAP@0.5):

mAP@0.5 =
1
N

N

∑
i=1

APi with matching score≥ 0.5 (13)

where APi is the average precision for the i-th class, and the matching threshold of mAP can be based on either IoU (for237

detection) or OKS (for pose estimation).238

• Mean Average Precision from matching threshold = 0.5 to 0.95 (mAP@0.5:0.95):

mAP@0.5:0.95 =
1

10N

9

∑
j=0

N

∑
i=1

APthreshold=0.5+0.05 j
i (14)

where the matching threshold varies between 0.5 and 0.95 in steps of 0.05.239

• Mean Average Recall at matching threshold = 0.5 (mAR@0.5):

mAR@0.5 =
1
N

N

∑
i=1

ARthreshold=0.5
i (15)

where ARi denotes the average recall for class i, computed using a matching threshold of 0.5.240
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• Mean Average Recall across matching thresholds (mAR@0.5:0.95):

mAR@0.5:0.95 =
1

10N

N

∑
i=1

9

∑
j=0

ARthreshold=0.5+0.05 j
i (16)

where the matching threshold again spans from 0.5 to 0.95.241

The TP, FP, TN, and FN values used in Formula 8–11 are calculated based on the confusion matrix derived from the similarity242

threshold that achieves the highest accuracy in the current round of image pair classification. This approach is widely used in243

face recognition tasks [42]. Additionally, for each metric, we report both the average value and its variation after the model244

has converged.245

The accuracy of the object detection246

In Step 2, training and validation are performed using the manually annotated data with the model. The training results are247

shown in Table 1. Precision reflects the reliability of the model in detecting cattle. Precision of 97.38% indicates an extremely248

low false detection rate, effectively avoiding the misclassification of the background as cattle. Recall measures the model’s249

ability to identify all actual cattle targets. The experiment achieved a high Recall of 97.9%, indicating a low rate of missed250

detections. This result demonstrates that the model can reliably detect cattle even in semi-outdoor scenes with high lighting251

contrast, where images are captured using standard cameras. The mAP@0.5 calculated using an Intersection over Union (IoU)252

threshold of 0.5, reached 99.34%. This suggests that under relaxed localization conditions, where a detected bounding box253

overlaps with the ground truth by at least half, the model performs exceptionally well, fulfilling the accuracy requirements254

of most agricultural monitoring applications. A mAP@0.5:0.95 score of 91.62% demonstrates that the model sustains high255

accuracy even when stricter localization criteria are applied.256

Precision (%) Recall (%) mAP@0.5 (%) mAP@0.5:0.95 (%)
97.4 97.9 99.3 91.6

Table 1. YOLOv11 training performance results.

In real-world scenarios, partial visibility of cattle can occur due to camera placement or animal posture, leading to missing257

regions such as the head or tail. However, in practical recognition tasks, these missing parts have minimal impact on overall258

identification performance.259

Oriented bounding boxes are used to optimize the object detection boxes.260

Oriented object detection was introduced for dorsal view annotation, with the primary goal of ensuring that the detected261

subject occupies as much of the image as possible. This addresses the issue of "long targets" such as dorsal view of cattle,262

where adjacent targets may intrude into the bounding box, thereby degrading re-identification accuracy. We use an iterative263

traversal approach to select the most suitable oriented detection box for each individual cow.264

Figure 7. Comparison of different between bounding box annotation and oriented bounding box annotation aspect ratio
distribution
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Following the iterative process, we analyzed the distribution of aspect ratios for both the axis-aligned and rotated bounding265

boxes, as shown in Figure 7. It can be observed that the number of OBBs with aspect ratios close to 1 has significantly266

decreased, with these cases now distributed across higher or lower aspect ratios after rotation. To further ensure annotation267

accuracy, the OBBs are mapped back to the original image coordinates for inspection, and any abnormal annotations are268

manually corrected.269

In the experiments shown in Table 2 and Table 5,We observed that image quality within the BECA-L varies significantly,270

with some images exhibiting pattern distortions caused by differing dorsal view angles, which adversely affect recognition271

performance. Due to the consistency between the upstream and downstream datasets, we divided the images into five sub-272

regions based on the x-coordinate of the bounding box center obtained from object detection. For each identity, only one273

image per region was used for training, while the remaining images were reserved for validation.274

We conducted experiments on the BECA-L to demonstrate the necessity of using OBB instead of AABB. The following275

experimental settings were evaluated:276

• Zero-shot: inference using a model trained solely on the BECA-D, without any additional training on BECA-L data.277

• Few-shot: training the Re-ID model directly on BECA-L, with no more than 5 images per individual used for learning.278

• Few-shot transfer learning: fine-tuning a model pre-trained on BECA-D by using up to 5 images per individual from279

BECA-L for few-shot transfer learning.280

As shown in Table 2, the use of aligned OBBs results in a significant improvement in recognition performance compared to281

the AABBs obtained from object detection. This clearly highlights the importance of annotating OBBs, which refines the282

bounding box orientation and contributes to better identification accuracy.283

Subset Box Type Setting Accuracy (%) Precision (%) Recall (%) F1 Score (%)
BECA-L AABB Few-shot 83.10 ± 3.25 79.53 ± 3.68 88.00 ± 3.10 83.94 ± 3.03
BECA-L AABB Few-shot transfer learning 84.35 ± 1.45 94.03 ± 3.11 73.50 ± 2.10 82.55 ± 1.51
BECA-L OBB Few-shot 90.15 ± 1.90 89.17 ± 3.88 91.30 ± 4.30 90.03 ± 1.93
BECA-L OBB Few-shot transfer learning 93.45 ± 0.70 93.39 ± 0.97 93.85 ± 1.35 93.44 ± 0.71

Table 2. Performance metrics for BECA-L across different settings and bounding box types.

The accuracy of the Keypoint Annotation in Pose Estimation284

The purpose of pose estimation is to assist researchers in aligning the target within the image via keypoint estimation.285

Among the 13 defined keypoints, two groups can be distinguished: Central dorsal keypoints, including the Poll, Cervical286

Vertebrae Crest (near the Atlas Region), Withers, Thoracolumbar Junction, Tail Head, Left Tuber Coxae (Left Hook Bone),287

and Right Tuber Coxae (Right Hook Bone). These points are located along the spine, easily identifiable from the dorsal view,288

and based on subcutaneous anatomical landmarks. Lateral keypoint, including the Left and Right Patella (Stifle Region), Left289

and Right Scapulohumeral Joint (Shoulder Joints), and Left and Right Ear Bases. These are located symmetrically on both290

sides of the animal and are less visually prominent from the dorsal view, often inferred from muscle contour protrusions. To291

ensure annotation consistency, professionals with expertise in beef cattle anatomy and slaughtering were recruited for this292

task.293

In step 3 of the methods, training and validation methods are performed using the manually annotated data with the pose294

estimation model, the results were as follows in Table 3 ,295

mAR@0.5 mAR@0.5:0.95 mAP@0.5 mAP@0.5:0.95
98.9 83.6 97.9 79.5

Table 3. HR-Net model training performance results

The evaluation metrics employed in this study are based on keypoint detection accuracy and recall. The results indicate296

that the observed performance differences between mAR@0.5:0.95 and mAR@0.5, as well as between mAP@0.5:0.95 and297

mAP@0.5, are mainly due to the fact that keypoint estimation achieves relatively good predictions under lower localization298

requirements, but generally lacks sufficient accuracy under stricter criteria.299

Finally, we overlaid the annotations from the first three steps onto the original images. An example of the annotated300

samples is shown in the Figure 8.301
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Figure 8. The red bounding boxes, green bounding boxes, and red dots represent the annotations for object detection,
oriented object detection, and pose estimation keypoints, respectively.

Verification of the re-identification annotation results.302

In the BECA-D, cattle typically pass through a chute, placing their backs near the center of the camera’s field of view. In303

contrast, the BECA-L lacks this structured setup—dorsal views may be captured from the upper-left or upper-right angles.304

Since the dorsal view of cattle should be modeled as a cylindrical surface, the patterns vary significantly depending on the305

viewing angle.306

To account for this, we introduced relative coordinates to indicate the cattle’s position in the image with respect to the307

camera’s viewpoint. These values range from 0 to 1 and are divided into five intervals. During re-identification, cattle are308

compared only within the same interval, enabling more accurate self-matching. Using a model trained on BECA-D, we309

performed fine-tuned inference on BECA-L by selecting five sample angles per class. This approach significantly improved310

accuracy, and the relative coordinate division also aided manual filtering during annotation. The validation results are shown311

in the table below. The Table 4 indicate that OSNet demonstrates strong performance in the beef cattle dorsal view re-312

identification task.313

Backbone Accuracy (%) Precision (%) Recall (%) F1 Score
Resnext50 97.75 ± 0.28 98.10 ± 0.76 97.33 ± 0.56 97.75 ± 0.28
Efficientnet-b2 97.89 ± 0.42 97.16 ± 0.46 98.73 ± 0.71 97.91 ± 0.42
MaxVit 98.31 ± 0.56 97.98 ± 1.02 98.10 ± 0.91 98.32 ± 0.55
OSNet 98.91 ± 0.31 99.16 ± 0.56 98.52 ± 0.50 98.90 ± 0.31

Table 4. Performance comparison between ResNeXt50[39], Efficientnet-b2[40], MaxVit[41] and OSNet models across
evaluation metrics

Owing to differences in cameras and acquisition durations, the recognition performance across sub-datasets from different314

cowsheds may vary. To investigate this, we conducted an experiment. The experimental results are shown in Table 5.315

We observed a performance drop in cowshed0, which has the longest data collection period. This is likely due to long-term316

morphological changes in cattle that affect feature stability over time. In the three subsets, the proportion of solid-color cattle317

images, where dorsal features are difficult to distinguish, is 27.00%, 22.47%, and 20.01%, respectively. The relatively high318

proportion in cowshed0 contributes to its lower recognition accuracy. Notably, the diversity in BECA-D enables effective319

dorsal view modeling, and transfer learning using a model pre-trained on BECA-D has proven to be effective.320

To evaluate the generalization capability of the BECA in breeding scenarios, we conducted a cross-dataset experiment321

using the same model architecture, training hyperparameters, number of training epochs, and data augmentation strategies.322

The model was pre-trained on the BECA-D and OpenCows2020, and a unified public validation set was constructed from their323
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Subset Setting Accuracy (%) Precision (%) Recall (%) F1 Score (%)
cowshed0 Zero-shot 67.60 69.64 62.40 65.82
cowshed0 Few-shot 81.27 ± 0.52 79.19 ± 1.86 84.75 ± 2.25 81.84 ± 0.36
cowshed0 Few-shot transfer learning 90.25 ± 0.50 92.85 ± 3.04 87.55 ± 4.15 89.99 ± 0.85
cowshed2 Zero-shot 83.70 85.18 81.60 83.35
cowshed2 Few-shot 97.08 ± 0.82 95.80 ± 1.54 97.95 ± 1.25 97.12 ± 0.79
cowshed2 Few-shot transfer learning 98.18 ± 0.18 98.89 ± 0.30 97.50 ± 0.20 98.17 ± 0.18
cowshed3 Zero-shot 86.90 86.90 84.50 86.58
cowshed3 Few-shot 91.03 ± 1.32 91.94 ± 2.00 90.65 ± 3.15 90.87 ± 1.36
cowshed3 Few-shot transfer learning 96.72 ± 0.93 96.43 ± 0.98 97.05 ± 0.85 96.74 ± 0.92

Table 5. Performance metrics for individual cowsheds across different settings.

Train Dataset Train/Val Ratio Accuracy (%) Precision (%) Recall (%) F1 Score
BECA-D 1:9 91.84 91.58 92.58 92.08
BECA-D 2:8 97.63 97.77 97.61 97.69

OpenCows2020 1:9 88.38 86.63 91.15 88.83
OpenCows2020 2:8 92.17 92.88 91.74 92.31

Table 6. Comparison of performance on the BECA-D, and OpenCows2020 datasets under different train/validation split
ratios.

respective validation sets. The final validation set contains 10,000 sample pairs from different datasets. Experimental results,324

as shown in Table 6, indicate that under various train/validation split ratios, the model pre-trained on BECA-D consistently325

outperforms that pre-trained on OpenCows2020. These findings demonstrate that BECA has strong adaptability to diverse326

breeding scenarios and exhibits sufficient generalization ability.327

Usage Notes328

The BECA was captured using multi-camera setups with lenses of three different focal lengths: 4mm (Cowshed0), 3.6mm329

(Cowshed2), and 2.8mm (Cowshed3). All cameras operate at a resolution of 2304××1296 pixels (2K), ensuring high-quality330

image capture while enhancing the robustness of the dataset through diverse viewpoints and focal conditions. Given that most331

cattle sheds are designed to balance functionality and cost-efficiency, the supporting columns in these structures often double332

as load-bearing elements within the feeding passages. To optimize field-of-view and spatial coverage, cameras are mounted333

on horizontal beams that are perpendicular to these columns, with an average spacing of 6 meters between adjacent cameras.334

These cameras also feature built-in distortion correction to minimize visual distortion of the structural columns and maintain335

image fidelity. As all deployments rely solely on natural lighting without additional artificial illumination, the data collection336

process does not introduce any extra stress to the animals, thereby ensuring their welfare remains unaffected.337

All annotations related to object detection and pose estimation were created using the VGG Image Annotator (VIA) [35].338

The images capture beef cattle of various breeds, colors, and genders housed in a fattening farm located in Gansu Province,339

China. Annotations were jointly provided by domain experts and farm personnel, ensuring accurate and realistic ground truth340

labels for cattle identification in practical breeding environments. This dataset can be used to train and evaluate computer341

vision algorithms for cattle recognition, with significant applications in precision livestock farming. Both the datasets and342

corresponding annotations are publicly available, with the aim of fostering collaboration and accelerating advancements in the343

beef cattle industry. It is hoped that these resources will facilitate further research into animal recognition, behavior analysis,344

and intelligent monitoring systems in agricultural settings.345

The innovative provision of long-term identification data within the BECA enables a closer integration of individual cattle346

identities with their corresponding images and related information. This feature enhances the potential of the BECA for347

applications in precision livestock farming, such as monitoring animal welfare, behavior and health[37]. In addition, the348

datasets facilitate the evaluation and prediction of animal growth trends, as dorsal view images of cattle can offer substantial349

information related to weight[36, 37]. Furthermore, they offer a valuable resource for researchers studying individual animal350

behavior, cognition, and group dynamics.351

It should be noted that, although the developed BECA offers broad applicability in beef cattle breeding, it is subject to352

two main limitations. Firstly, the number of images per individual in BECA-L varies across cattle. This inconsistency stems353
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from the data collection protocol, which was designed to prioritize animal welfare and minimize interference with routine354

farm management. As part of standard breeding practices, cattle undergo periodic selection and cowshed reassignment over355

the growth cycle. Consequently, individuals that are moved out of monitored cowsheds are no longer captured by the fixed-356

position cameras. Secondly, as the dataset is captured from the dorsal view, it may not be directly applicable to breeding357

scenarios that rely on face or lateral views.358

Code availability359

The source code and scripts utilized in this study are publicly available on GitHub. The repository provides all the nec-360

essary code to reproduce the results, including scripts for data preprocessing, with a focus on object detection and ReID (Re-361

identification) tasks. The code is available at https://github.com/xxzyq/Two-Cattle-Datasets-in-Dorsal-View-for-Cattle-Recognition.362

Data availability363

The dataset is available at https://doi.org/10.6084/m9.figshare.29425316[45].364
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