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Abstract

Accurate long-term tracking of individual cattle is essential for precision livestock farm-
ing but remains challenging due to occlusions, posture variability, and identity drift in
free-range environments. We propose a multi-camera tracking framework that combines
bird’s-eye-view (BEV) trajectory matching with cattle face recognition to ensure identity
preservation across long video sequences. A large-scale dataset was collected from five
synchronized 4K cameras in a commercial barn, capturing both full-body movements
and frontal facial views. The system employs center point detection and BEV projection
for cross-view trajectory association, while periodic face recognition during feeding re-
freshes identity assignments and corrects errors. Evaluations on a two-day dataset of more
than 600,000 images demonstrate robust performance, with an AssPr of 84.481% and a
LocA score of 78.836%. The framework outperforms baseline trajectory matching methods,
maintaining identity consistency under dense crowding and noisy labels. These results
demonstrate a practical and scalable solution for automated cattle monitoring, advancing
data-driven livestock management and welfare.

Keywords: multi-camera tracking; bird’s-eye-view projection; face recognition; cross-view
identity association; large-scale imperfect datasets

1. Introduction
Accurate recognition and behavioral tracking of individual cattle are crucial for timely

disease detection and prevention [1], improved production efficiency, and enhanced con-
sumer safety [2]. Traditional identification methods, such as wearable devices, ear tags, and
RFID systems, have notable drawbacks, including interference with natural behavior, high
implementation costs, and susceptibility to physical damage [3–6]. In contrast, computer
vision technologies offer promising alternatives due to their low operational costs, ease of
deployment, and compatibility with animal welfare principles [7].
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Conventional monitoring systems typically rely on single-camera setups [8], which
are restricted to small environments where cattle movement is constrained. With the
growing adoption of animal welfare standards and the transition toward free-range farming,
however, cattle now exhibit greater freedom of movement, introducing substantial postural
variability [9]. Despite advancements in object detection and tracking, existing approaches
still face challenges in real-world barns due to occlusions and variations in body posture [10].
Combined with feature drift, these factors significantly degrade the accuracy and robustness
of single-camera systems.

To overcome these limitations, multi-camera tracking technologies have gained in-
creasing attention for tasks involving individual cattle recognition and long-term behavior
monitoring. By leveraging multi-view data fusion, such systems effectively address issues
related to occlusion and posture variation while reducing blind spots in coverage [11].
Standard multi-object tracking pipelines typically involve two stages: generating local
trajectories within each camera’s field of view and then integrating these trajectories into
coherent global paths through cross-camera association [12,13].

Recent research has explored both end-to-end frameworks and trajectory matching
approaches for multi-camera tracking [14–17]. These methods address cross-camera trajec-
tory association through strategies such as bird’s-eye-view (BEV) alignment, constraint-
augmented trajectory matching, and graph-based integration of appearance and motion
cues. However, applying these techniques to cattle remains particularly challenging. For
example, Zheng et al. [18] proposed a YOLOv7–ByteTrack-based approach that excluded re-
identification modules to reduce costs, but it still suffered from frequent identity switches
in complex environments [19,20]. Guo et al. [21] improved livestock re-identification
performance through fusion strategies [22,23], yet frequent ID switches persisted [24].
Nguyen et al. [8] noted that multi-stage pipelines may propagate local identity errors to
global results, while Myat et al. [2] attempted to track contour-based features [25] but
encountered trajectory fragmentation in long-term tracking. Chen et al. [7] further demon-
strated that cattle face recognition using re-identification techniques enables cross-scenario
generalization by learning discriminative features, offering an effective solution for identity
verification in new settings.

Previous studies confirm that relying solely on appearance features is risky, given
cattle’s large body size and posture variability; positional cues alone also lead to
errors from missed detections, and long-term tracking often suffers from trajectory
interruptions [26–28]. In our experimental barn, five cameras were deployed at differ-
ent viewpoints (Figure 1), revealing three key challenges: (i) occlusion among individuals,
particularly during feeding; (ii) identity switches caused by posture changes both within
and across views; and (iii) appearance drift between action-view surveillance and face-view
feeding perspectives, which complicates cross-view association.

To overcome these issues, we propose a multi-faceted framework for cross-camera
cattle tracking. First, we annotate each animal’s center of mass (center points) and train
a model to detect these ground-projected keypoints. Representing trajectories as center
point sequences reduces errors from relying solely on position or appearance. Second,
detected center points are projected onto a BEV map, where a location-based trajectory
matching algorithm ensures consistent association; each camera is mapped onto a distinct,
non-overlapping BEV region to prevent ID switches. Finally, during feeding, we refresh
and correct IDs using cattle face recognition, enabling robust long-term tracking. This multi-
pronged strategy exploits spatial information and cross-view consistency, circumventing
the limitations of appearance-based methods (Figure 2).
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(A) Action-View 1 (B) Action-View 2

(C) Face-View 1 (D) Face-View 2

(E) Face-View 3

Figure 1. Multi-view surveillance setup in the cattle feeding area. (A,B) Action views captured from
overhead cameras to observe cattle movement and behavioral patterns. (C–E) Face views captured
from frontal cameras to enable face recognition.

.

Figure 2. Schematic illustration of the multi-view trajectory association framework. The figure
demonstrates the trajectory matching strategies across action–action cameras and across action–face
cameras on a unified BEV map.
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Specifically, we collected a two-day dataset with continuous surveillance from five
cameras: two action-view cameras for movement and three face-view cameras for identity
during feeding. Models were trained to jointly detect bodies, center points, faces, and
landmarks under multi-view conditions. Tracking proceeded in two stages: cross-action-
view trajectory matching and cross-face-view ID assignment. For action views, center
points were projected onto the BEV and matched spatially. For face views, we employed
the Knowledge-Based Cattle Face Recognition (KBCFR) model [29], which outputs up to
five candidate IDs per face. These identities are recursively propagated across cameras, and
BEV projections are divided into a 16× 42 grid, providing spatial cues for linking face-view
and action-view trajectories.

Our dataset is substantial, comprising 615,963 images captured from multiple view-
points. To improve annotation efficiency, we adopted a noise-labeling strategy: in action
views, precise annotations were provided only during action transitions, while labels for
other frames were auto-generated from these reference points. In face views, IDs were
first predicted using the pretrained KBCFR model and then manually corrected for errors
and ambiguities. Despite the presence of noisy labels, our results demonstrate that mod-
els trained on this large-scale dataset achieve strong performance. Specifically, training
on the first day and evaluating on the second day yielded an average AssPr of 84.481%
across multiple views, together with a LocA score of 78.836%. These findings confirm the
effectiveness of our method for accurate and persistent cattle tracking under real-world
farm conditions.

2. Materials and Methods
2.1. Data Acquisition

To collect authentic livestock farming data, and following deployment strate-
gies proposed in previous studies [30,31], we installed five Hikvision 4K ultra-high-
definition surveillance cameras (Hikvision Digital Technology Co., Ltd., Hangzhou, China)
(3840 × 2160 resolution) in a closed Hanwoo cattle barn (12 m× 36 m) located in Imsil,
South Korea. The barn was equipped with anti-slip concrete flooring layered with sawdust
bedding, semi-transparent polycarbonate roofing, and an active ventilation system. It
housed 17 Hanwoo cattle aged 1–7 years, excluding 2 calves.

The camera system comprised two subsystems: (i) two action-view cameras mounted
at opposite ends of the barn roof at a height of 8.5 m with a 30◦ tilt angle covering the entire
barn for motion tracking; and (ii) three face-view cameras installed 6.6 m opposite the
feed barrier, each monitoring seven contiguous feeding stalls (0.83 m× 0.62 m per space),
jointly covering a total of 21 stalls. Multi-view video data were continuously recorded on
23–24 August 2024. The original 15 fps recordings were downsampled to 1 fps and resized
to 1920× 1080 resolution.

Table 1 presents a breakdown of the collected multi-view dataset. A total of
367,494 frames were captured across the two days, covering both daytime and night-
time conditions. The dataset includes images from all five camera views: two action-view
and three face-view cameras.

The training set consisted of data collected on 23 August 2024, supplemented with
additional face-view samples recorded in 2021 under identical camera configurations. In
total, the training subset included 164,027 action-view frames and 29,936 face-view frames.
The supplementary 2021 data added 24,194 face-view images (8194, 9000, and 7000 frames
from Face-View 1, 2, and 3, respectively), increasing the diversity and balance of facial
samples for recognition tasks.

The testing set comprised 168,800 action-view frames and 4731 face-view frames
collected on 24 August 2024. These samples were used to evaluate tracking performance
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under unconstrained conditions, where face recognition was performed whenever an
animal appeared in the face cameras, regardless of feeding behavior.

Table 1. Details of the multi-view dataset for cattle tracking. Each number represents the number of
frames extracted from the video.

Date and Time Action-
View 1

Action-
View 2

Face-
View 1

Face-
View 2

Face-
View 3

23 August 2024 (Daytime) 53,813 49,777 523 523 523
23 August 2024 (Nighttime) 28,207 32,330 1391 1391 1391
Additional (2021, Daytime) – – 8194 9000 7000

Training Total 164,027 29,936

24 August 2024 (Daytime) 49,432 47,999 1089 1089 1089
24 August 2024 (Nighttime) 34,968 36,401 488 488 488

Testing Total 168,800 4731

The dataset annotations include bounding boxes, center points, IDs, and facial key-
points. Bounding boxes mark the positions of cattle bodies or faces, with IDs assigned
simultaneously. Importantly, IDs are unified across action and face views: the same animal
is consistently given the same ID regardless of camera perspective. While the five facial
keypoints are relatively straightforward to annotate, the center point requires more manual
estimation. Following our previous work [28], the center point is defined as the ground
projection of the body’s midpoint located between the four limbs and aligned with the
spinal vertebra.

To meet the demands of multi-view annotation, we adopted a hybrid strategy. In
action views, manual annotation was performed only during transitions between actions
(e.g., walking to standing), while labels for periods of consistent actions were automati-
cally propagated as noise labels from the previously annotated frames. In face views, a
pretrained KBCFR model was used to generate initial bounding boxes and facial keypoints
(nose, eyes, and ear bases). These annotations were then verified and manually refined to
correct labeling errors and ID mismatches. Examples of annotation results are shown in
Figure 3, where most noise labels remain reasonably accurate. Annotations with clearly
visible errors were directly removed from the training data to prevent negative impacts on
model performance.

(A) Action-View annotation example (B) Face-View annotation example

Figure 3. Annotation examples in different camera views. (A) Action-view annotation example with
bounding boxes and center points labeled for body tracking. (B) Face-view annotation example with
facial bounding boxes and landmarks labeled for individual identification.

2.2. Method

In this section, we present the framework developed for robust multi-view cattle track-
ing. We begin with an overview of the system architecture, highlighting its design principles
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and key components. Next, we describe the Action-View Trajectory Matching method,
which aligns trajectories based on spatial positions in the BEV map. We then introduce the
Face-View ID Assignment approach, which employs the KBCFR model to improve identity
recognition. Finally, we detail the Cross-View ID Update mechanism, which integrates
results from multiple views to refine and unify identity tracking across modalities.

2.2.1. Overview

Cross-view cattle tracking is essential, as broader coverage and occlusion handling
require observations from multiple complementary viewpoints. Figure 4 illustrates the
proposed framework, highlighting its main components and workflow. During inference,
the framework processes synchronized multi-view video frames from five cameras. To
represent both spatial and temporal information, we construct a 5D input tensor of shape
(batch, views, channels, width, height). The batch dimension encodes temporal
continuity, while the views dimension indexes the five perspectives. This setup enables
tracking across time and facilitates cross-view association.

Figure 4. The workflow of the proposed cattle tracking system. The system first takes multi-view
images as Inputs, which are processed by the detector to identify cattle in both action and face
views. The Tracker generates temporal trajectories from action views, which are further projected
onto a BEV map for spatial alignment. The Action-View Trajectory Matching module performs
trajectory association across views. In parallel, the Face Recognition module extracts facial features
and recognizes identities, then Face-View ID Assignment labels individual cattle. Finally, the Cross-
View ID Update integrates trajectory and face information to maintain consistent identities across
all views.

YOLOv11x-pose [32] is first applied to detect cattle bodies and faces. The detector
outputs bounding boxes and keypoints but does not assign identities. In action views, the
keypoint corresponds to the cattle’s center point projected onto the ground plane, while in
face views, five landmarks are detected (nose, eyes, and ear bases). These outputs provide
candidate features for tracking, localization, alignment, and identification.

Detection results are processed independently per camera. In action views, ByteTrack
(Ultralytics v8.3.3) is used to generate local trajectories. These trajectories are local and
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view-specific, meaning the same animal may appear in multiple views with different
temporary IDs (illustrated as blue paths in Figure 4).

In face views, the KBCFR model identifies individuals by tracking faces across short
sequences and selecting representative samples for recognition. To address uncertainty,
the model returns up to five ranked candidate IDs per trajectory to support ID correction,
which is especially useful during feeding when body tracking is unreliable but facial views
remain accurate.

To enable cross-view association, we construct a global BEV map of the barn. Action-
view trajectories are projected onto this map. Given the visual similarity among cattle,
spatial rather than appearance features are used for trajectory matching. The Action-View
Trajectory Matching module estimates similarity by comparing occupancy in BEV grids.

For Face-View ID Assignment, we enforce the constraint that the same animal cannot
appear in multiple stalls simultaneously. Ranked predictions from the KBCFR model guide
conflict resolution, ensuring unique global IDs across face views. Finally, the Cross-View
ID Update module aligns face IDs with action-view trajectories in the feeding zone, where
cattle appear most reliably. Only individuals with stable trajectories in this region are
eligible for identity fusion, ensuring consistent long-term tracking.

Details of each component of the system are presented in the following sections.

2.2.2. Action-View Trajectory Matching

The Action-View Trajectory Matching module aligns local trajectories from multiple
action-view cameras into global trajectories on the BEV map. The process begins by
projecting detected cattle center points from each camera onto the BEV using homography
transformation. Each trajectory is represented as a sequence of center points, enabling
alignment across cameras based on spatial overlap in the BEV grid. The BEV region is
defined as a rectangular area measuring 12 m× 36 m. To determine trajectory locations on
the BEV map, the area is divided into 14× 42 grids. The grid size is based on the feed fence
dimensions: in the real world, seven feeding positions span every 6 m, so the size of one
feeding stall is used as the grid unit. An example of the resulting BEV map is shown in
Figure 5.

The BEV projection is performed using a homography transformation, which leverages
the planar geometry between the image plane and the ground plane. For each calibrated
camera, a homography matrix H ∈ R3×3 is defined to map coordinates from the ground
plane to the image plane. To reverse-transform image coordinates back to ground coordi-
nates, we compute the inverse matrix H−1 and apply it to image pixel coordinates.

Let the image pixel coordinate be :

pimg =

x
y
1

 (1)

Then the corresponding ground-plane coordinate is computed as:

pgnd = H−1 · pimg (2)

The actual ground-space coordinates are extracted as:

X = pgnd[0], Y = pgnd[1] (3)

Toconvert ground-plane coordinates to BEV pixel coordinates, we introduce a resolu-
tion scale s (pixels per meter) that is set to s = 100 pixels/m. Given the ground height Hm,
the BEV pixel location is computed as:
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bx = ⌊X · s⌋, by = ⌊(Hm −Y) · s⌋ (4)

This ensures that the BEV origin is aligned with the bottom-left corner of the physical
ground plane, with the Y axis flipped to match image coordinate conventions. The homog-
raphy matrices for Action-View 1 and 2, denoted HA1 and HA2, respectively, are obtained
via offline calibration:

HA1 =

 −354.892865 501.606593 −1970.1837
56.4533934 13.3831183 −3014.58171
−0.373157365 −0.00131341768 1.0

 (5)

HA2 =

 −40.3048191 66.4094257 493.0
10.2632195 −2.38005941 162.0
−0.0462612280 0.000908640865 1.0

 (6)

Feeding Area

Fee
din

g A
re

a
Feeding Area

(A) Action-view camera images

(B) BEV map of action-view images

Face-view 1 Face-view 2 Face-view 3 

1
2

m

36m

Figure 5. Grid-based spatial partitioning and BEV projection overlay. The upper part shows original
views from Action-View 1 (Camera 1) and Action-View 2 (Camera 2) overlaid with a uniform grid
and labeled Feeding Area. The bottom part displays the corresponding BEV grid projection, aligning
both camera views within a unified spatial layout.

Trajectory IDs are robustly matched across views based on grids within the BEV map.
Once all observed trajectories are projected onto the BEV coordinate system, we discretize
their positions by assigning each trajectory to a specific grid based on its location. Given
a predefined BEV partition of 14× 42 uniformly sized grids, each with dimensions s× s
where s = 85, Gi denotes the grid to which the endpoint of a trajectory belongs. It is
determined from the BEV coordinates (bx, by) according to the following:

Gi = λ

⌊
by

s

⌋
+

⌊
bx

s

⌋
(7)
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where λ = 42 presents the number of grids per row on the BEV map.
Let IDA1

Gi
and IDA2

Gj
be the trajectory IDs from Action-View 1 and 2 projected onto

grids Gi and Gj, respectively. The global trajectory ID, denoted as ĨDG, is updated based
on the BEV positions of IDA1

Gi
and IDA2

Gj
. To this end, we first define a cumulative global ID

counter C(τ). Then, by directly using IDA1
Gi

as the global ID, we obtain:

ĨDGi = IDA1
Gi

, (8)

with the cumulative counter initialized as:

C(0) = |{IDA1
G }|, (9)

where {IDA1
G } denotes the set of trajectory IDs in Action-View 1. Next, the updates of IDA2

Gj

and C(τ) are given by:

ĨDGj =

IDA1
Gi

, Gj = Gi,

IDA2
Gj

+ C(τ−1), Gj ̸= Gi,
(10)

C(τ) =

C(τ−1), Gj = Gi,

C(τ−1) + 1, Gj ̸= Gi.
(11)

This grid-based assignment exploits the physical design of the barn: each stall corre-
sponds to one grid, so at any time, a grid should contain at most one animal. By enforcing
this constraint, trajectories that fall into the same grid are highly likely to belong to the
same individual, enabling reliable identity association across views.

2.2.3. Face-View ID Assignment

The Face-View ID Assignment strategy improves identity recognition by exploit-
ing frontal facial features captured during feeding. Recognition is performed using our
previously developed KBCFR model, which enables stable short-term face tracking and
identification through a combined data- and knowledge-driven design.

Cattle face recognition is inherently challenging due to pose variation, illumination
changes, and background clutter. To address these challenges, KBCFR integrates three key
strategies: (i) selecting the most representative facial instance within a tracked sequence
using prior knowledge, (ii) applying illumination-based data augmentation to improve
robustness, and (iii) employing instance segmentation to focus on the animal’s face while
suppressing background interference.

A limitation of KBCFR is its independent treatment of each trajectory, which can cause
identity conflicts, such as two different cattle being assigned the same ID. This issue is
particularly severe in multi-camera scenarios, where the model lacks cross-view priors and
cannot exploit confirmed identities from other camera viewpoints, increasing the likelihood
of ID conflicts.

To overcome this problem, we introduce a Face-View ID Assignment mechanism as
shown in Algorithm 1 . For each trajectory, the KBCFR model outputs a rank-5 prediction,
returning up to five candidate IDs ordered by confidence. Based on the barn’s fixed
spatial layout, recognition results from the three cameras are concatenated in a predefined
order: Face-View 1 followed by 2 and 3. The concatenated ID queue is then checked for
conflicts. When a conflict is detected, lower-confidence IDs are replaced with higher-ranked
alternatives from the rank-5 list of the corresponding trajectory. This substitution is applied
recursively until no conflicts remain in the global ID space.
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Algorithm 1: Face-View ID Assignment
Input: Facial trajectories from three cameras, each trajectory with Rank-5 ID

predictions and corresponding confidence scores
Output: Assigned identity for each trajectory without conflict

1 Concatenate trajectories from view 1, 2, 3 into an ordered list T ;
2 foreach trajectory t ∈ T do
3 t.ID← t.Rank5[1];
4 t.Conf← t.Confidences[1];

5 repeat
6 Build mappingM from ID to set of trajectories sharing that ID;
7 foreach ID i where |M[i]| > 1 do
8 SortM[i] by confidence in descending order;
9 Let t∗ ← trajectory with the highest confidence;

10 foreach trajectory t ∈ M[i] \ {t∗} do
11 replaced← f alse;
12 for k← 2 to 5 do
13 c← t.Rank5[k];
14 if c /∈ M orM[c] = ∅ then
15 t.ID← c;
16 t.Conf← t.Confidences[k];
17 replaced← true;
18 break;

19 if not replaced then
20 t.ID← −1;
21 t.Conf← 0;

22 until no ID conflict exists in T ;
23 return Assigned IDs for all trajectories in T ;

If an unresolved conflict persists after all substitutions, the trajectory with the lowest
confidence is assigned an ID of −1, indicating that the model failed to provide a reliable
identity prediction.

2.2.4. Cross-View ID Update

The Cross-View ID Update module fuses identity information from action and face
views to achieve consistent identity association across cameras. This process relies on
two priors derived from barn-level knowledge:

• Positional and numerical consistency. The number of individuals visible in the face-
view cameras should correspond to the number of cattle present in the spatially
overlapping region of the action-view cameras. Identity matching is therefore achieved
by aligning spatial positions across views. However, because action-view cameras
cover a larger area, cattle outside the face-view region are excluded from this process.

• Trajectory and temporal stability. During feeding, the cattle that can be reliably
recognized are those remaining stationary at specific stalls for an extended duration.
Thus, only the individuals successfully tracked and identified by the KBCFR model
are considered valid candidates for identity assignment.

The procedure begins by projecting all tracked cattle from the action-view cameras
onto the BEV map, making their global positions available to the face-view subsystem. We
then identify which of these projected positions correspond to individuals actively feeding,
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i.e., those visible within the face-view cameras. For recognized individuals, the center point
of each face is projected onto the BEV grid representing the corresponding feeding stall. As
shown in Figure 6, green pentagrams mark the BEV positions of cattle identified in the face
views, while red and blue dots indicate detections from Action-View 1 and 2, respectively.

(A) Action-view detection results

(B) BEV map projection results

Overlapping

Region Action-View 1 BEV Coordinates

Action-View 2 BEV Coordinates

Face-Views BEV Coordinates

Figure 6. Body detection and BEV projection under grid mapping. The upper part shows detection
results from Camera 1 and Camera 2, where bounding boxes are drawn for each detected cattle. The
lower part illustrates the corresponding BEV projection of detected center points onto a grid-based
spatial layout. Each dot represents a projected location of a detected instance.

To associate face IDs with tracking IDs, we compute the Euclidean distance between
each face-view BEV point and the action-view BEV points. This distance-based strategy en-
sures that every recognized face is linked to a corresponding trajectory. Unlike cross-action
matching, which requires IDs to fall into the same grid, this method reduces mismatches
caused by projection errors that might otherwise prevent a face ID from being assigned to
any trajectory.

Because face IDs are more reliable than action-view trajectories in the feeding area, we
enforce that all trajectories within stall regions must be matched to a face ID. Trajectories
without corresponding face matches, typically artifacts of over-detection by the tracker, are
removed. Only individuals located within the BEV grids corresponding to feeding stalls are
included in the cross-view identity update; those outside are excluded from the process.

3. Results
In this section, we present the evaluation results of our framework. We divide the

analysis into three main components: detection, face recognition, and cross-view tracking.
First, we assess the effectiveness of our YOLOv11x-pose-based detector, which is trained on
a large-scale yet partially noisy dataset. We then evaluate the performance of the KBCFR-
based face recognition module, which plays a critical role in periodically refreshing cattle
identities across views. Finally, we analyze the performance of our cross-view tracking
strategy, examining both qualitative and quantitative metrics to validate the framework’s
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ability to maintain identity consistency. Together, these results provide a comprehensive
understanding of the framework’s capabilities and limitations in long-term cross-view
cattle tracking scenarios.

3.1. Detection

We employ YOLOv11x-pose, the largest variant of the YOLO family, as the base
detector. Despite noisy annotations in the training set, the detector maintains strong
performance due to the large scale of the available data.

The training set comprised 193,963 images from 19 cattle. Specifically, 82,020 images
were collected from Action-View 1 and 82,007 from Action-View 2 over a continuous 24-h
monitoring period. An additional 29,936 images were obtained from the three Face-View
cameras, of which 5742 were captured on the same day as the Action-View data. To reduce
overfitting to these conditions, we included 24,194 additional Face-View images collected
on different days under identical recording settings.

Annotations for Face-View images were manually refined and thus highly accurate. In
contrast, Action-View annotations were more difficult to obtain. For each action segment,
only the first and last frames were labeled manually, while intermediate frames were auto-
generated using CVAT, introducing substantial label noise. To mitigate this, we retained
only the manually annotated ground truth and discarded auto-generated labels. The
number of training images was not reduced by this strategy because images and labels
were not strictly one-to-one; as such, a single image may have simultaneous contained both
refined and noisy labels. In extreme cases, even frames without labels were used during
training as “negative samples”, which helped improve generalization.

Although this approach introduces label sparsity, for example, cattle in motion may
not be annotated in many frames, the large dataset size compensates for this limitation. As
a result, the detector achieves strong performance despite partial supervision.

The training and validation curves of the detector are illustrated in Figure 7. The
validation set contained 3000 images, including 1000 from the two Action-View cameras and
1000 from the three Face-View cameras. As shown in Figure 7, the detector performs well in
bounding box prediction (metric B). The mAP50 consistently exceeds 85%, demonstrating
robust localization, while the stricter mAP50:95 falls below 60% due to noisy annotations.

Figure 7. Training and validation curves of the detection and keypoint estimation model. (Top): Train-
ing losses and metrics. (Bottom): Validation losses and mAP scores across two tasks.

For keypoint detection (metric P), evaluation combines projected body center points
from the Action-View cameras with facial landmarks from the Face-View cameras. Since
these keypoints do not co-occur in the same frames, this metric provides limited inter-
pretability. Nevertheless, the training and validation curves indicate that the model reached
a stable, optimized state.

Figure 8 provides a qualitative comparison. In Figure 8A, where most cattle are walk-
ing, auto-generated labels show substantial noise: many bounding boxes and keypoints are
misaligned. For instance, the cattle in the lower-left region has a bounding box far smaller
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than its actual body. By contrast, Figure 8B shows the detector’s predictions for the same
frame, where most cattle are correctly identified and bounding boxes with center points are
accurately estimated.

This result indicates that the detector remains effective and maintains strong perfor-
mance even when trained on partially noisy annotations.

(A) Example of ground truth for training (B) Example of detector inference result

Figure 8. Comparison between ground truth annotations and detector predictions. (A) shows labeled
bounding boxes and keypoints used for training. (B) shows the corresponding inference results with
predicted boxes and confidence scores.

3.2. Face Recognition

We adopt the KBCFR model from our prior work to perform cattle face recognition.
Integrated as a module within the overall system, it receives face-view detection results
from the detector as input. The model first tracks cattle faces across short temporal windows
and then assigns an identity to each complete face trajectory.

Figure 9 presents the precision–recall curve of the face recognition module on the test
set. Most cattle achieve an average precision (AP) greater than 90%, demonstrating that
the module operates reliably under real-world barn conditions. This strong performance
allows the system to periodically refresh identity assignments during feeding periods,
thereby extending the continuity and stability of long-term tracking.

Figure 9. Precision–recall curves for individual cattle in face recognition. Each curve corresponds
to one identity, with AP noted in the legend. The results show consistently high precision across
most individuals.
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It should be noted that Figure 9 does not include results for cattle 11 and 12. These
two individuals are juveniles and are excluded from evaluation because of their significantly
different facial appearance and behavioral patterns compared with adult cattle.

3.3. Cross-View Tracking

For cross-view cattle tracking, we first perform independent single-camera tracking
within each Action-View using a standard tracking-by-detection approach. The resulting
trajectories are then matched across views using the proposed framework. When cattle
faces are detected in the Face-View cameras, the corresponding face IDs are used to update
and refine body tracking trajectories. In the absence of face detections, trajectory association
is performed directly between the two Action-View cameras.

The framework is modular and extensible, allowing integration of various single-camera
tracking algorithms. In this work, we adopt ByteTrack, which has demonstrated strong
robustness to occlusion, as the default tracker for the individual Action-View cameras.

3.3.1. Qualitative Results

Figure 10 presents a qualitative example. Figure 10A,B show tracking results from the
two Action-View cameras, where most cattle are successfully tracked despite significant
occlusions. Figure 10C–E show the corresponding face recognition results from the three
Face-View cameras. Specifically, Figure 10C corresponds to the feeding area in Figure 10B,
while Figure 10D,E correspond to the feeding region in Figure 10A. Face recognition IDs
are correctly propagated back to the body trajectories, enabling identity updates across
views. Even in overlapping areas, cattle 1 and 2 are correctly matched.

(A) Action-View 1 (B) Action-View 2

(C) Face-View 1 (D) Face-View 2

(E) Face-View 3

Figure 10. Example of cross-view tracking. (A,B) show tracking results in the two Action-View
cameras. (C–E) show corresponding face recognition results from the Face-View cameras.
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Two main types of failure cases are also observed:

• False detections. In Figure 10A, false positives occur in distant regions where bounding
box predictions are unreliable. These errors lead to incorrect associations, as seen with
cattle 6, 19, 10, and 3, which are mismatched with face IDs from Face-View 3.

• Duplicate IDs. In Figure 10B, a duplicate ID appears. One animal’s trajectory is
updated to ID 17 through face recognition, while another cattle outside the feeding
area retains the original Action-View ID 17, resulting in a temporary conflict.

The first case can be mitigated by improving detector performance and increasing
the number of cameras to enhance object detection and center point projections. The
second case can be addressed by initializing Action-View trajectories with IDs distinct from
those used in face recognition. For example, as shown in Figures 11 and 12, trajectory
IDs are initialized starting from 2001 and updated only when a face-view match occurs.
Although this inevitably introduces an ID switch, it enables more accurate identification
during feeding.

(A) Action-View detection results

(B) BEV map projection results

… …

Figure 11. Daytime feeding scenario. (A) Tracking results from Action-View 1, with bounding boxes
and IDs. (B) Corresponding BEV trajectories.

(A) Action-View detection results

(B) BEV map projection results

… …

Figure 12. Nighttime feeding scenario. (A) Tracking results from Action-View 2. (B) Corresponding
BEV trajectories.



Agriculture 2025, 15, 1970 16 of 22

In the daytime feeding scenario, in Figure 11A, Action-View 1 produces bounding
boxes (green) and IDs for each detected animal. In Figure 11B, ID 2007 is recognized as ID
10 after entering the face recognition zone. ID 16 frequently moves in and out of the feeding
area and is sometimes tracked as ID 2005, but it is consistently corrected to ID 16 once face
recognition occurs. Most of the remaining cattle retain IDs above 2000, as they never appear
in the face recognition zone.

In the nighttime feeding scenario, Figure 12A shows the tracking results from Action-
View 2, while Figure 12B maps the trajectories to the BEV. Due to reduced image quality at
night, the action-view tracking exhibits more errors, such as the emergence of high-value
IDs like 163 and 170. Nevertheless, the system still successfully updates identities within
the feeding zone, demonstrating the robustness of the proposed method under varying
lighting conditions.

Despite these occasional errors, a significant number of cattle trajectories are success-
fully updated with correct IDs, which represents a meaningful improvement for long-term
tracking. In dense and occlusion-heavy environments like cattle barns, where motion pat-
terns are irregular and ID switches are frequent, periodically refreshing identities using face
recognition provides an effective mechanism to maintain identity consistency over time.

3.3.2. Quantitative Results

The quantitative results of the proposed framework are shown in Figure 13. Here, the
variable alpha represents the matching threshold: the horizontal axis indicates the strictness
of the criteria, while the vertical axis shows the corresponding performance scores.

The Higher Order Tracking Accuracy (HOTA) [33] metric evaluates the overall balance
between detection and association performance. Detection Accuracy (DetA) measures
how well the detected bounding boxes cover the true targets, while Association Accuracy
(AssA) reflects the model’s ability to maintain consistent target identities over time. Among
the sub-metrics, Detection Recall (DetRe) indicates the proportion of true targets that are
successfully detected, and Detection Precision (DetPr) denotes the proportion of correct
detections among all predicted bounding boxes. Association Recall (AssRe) measures the
proportion of frames in which a target is correctly assigned its identity, whereas Association
Precision (AssPr) assesses whether each identity is exclusively assigned to a single target.
Finally, Localization Accuracy (LocA) quantifies the spatial overlap between predicted
bounding boxes and ground truth locations.

(A) Action-View 1 (B) Action-View 2

Figure 13. HOTA evaluation curves on two Action-View cameras. (A,B) show Detection, Association,
and Localization Accuracy across different alpha values for Action-View 1 and Action-View 2,
respectively.
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When evaluating tracking, exact ID matching with ground truth is unnecessary. In-
stead, ground truth IDs are used to assess whether predicted IDs undergo misses or
switches. It is sufficient to associate predicted IDs with ground truth IDs in the initial frame
based on the bounding box.

Dataset -Specific Considerations

Two characteristics of our dataset affect the applicability of standard metrics:

• Noisy bounding boxes. Because many bounding box annotations contain errors, IoU-
based detection metrics do not accurately reflect model performance. In contrast,
ID labels are comparatively clean and provide a more reliable measure of tracking
accuracy. For this reason, we focus on ID-based metrics such as AssPr, LocA, and
AssA, while treating detection-related metrics as supplementary references.

• Cross-View ID Updates. During feeding, body tracking IDs are replaced with face IDs
to ensure accurate identity assignment. However, HOTA-based metrics evaluate only
the consistency of the initial tracking IDs and do not account for improvements from
identity recognition. As a result, these updates are incorrectly counted as ID switches,
which artificially lowers metric scores. Consequently, performance values reported
during feeding periods may underestimate the true effectiveness of our method.

Action-View Comparison

Overall, Action-View 1 exhibits significantly better association performance compared
to Action-View 2. This is because, during cross-view matching, we prioritize retaining
trajectory IDs from Action-View 1. In cases of ID conflicts between the two views, the ID in
Action-View 2 is updated to resolve the conflict. While this strategy preserves consistency
in Action-View 1, it introduces a higher risk of identity fragmentation in Action-View 2.

On the other hand, Action-View 2 achieves higher Detection Accuracy, which may be
attributed to its smaller coverage area and lower cattle density. In this region, cattle move
less frequently and occlusion is reduced, allowing for more stable and precise detections.

Table 2 compares tracking performance across different configurations, where we
replaced the single-camera tracker and the cross-camera matching module. To ensure
fairness, all methods were integrated into the same framework, with only the corresponding
modules substituted. Specifically, we compared ByteTrack and BoT-SORT (Ultralytics
v8.3.3) [34] as single-camera backbones and evaluated RNMF [11] against our proposed
BEV-based location matching algorithm for cross-camera association.

Based on the above considerations, we emphasize ID-based metrics (AssPr, AssA,
LocA) as the most reliable indicators of performance, while HOTA and DetPr are included
for reference.

Table 2. Tracking performance comparison of different methods under Action-View 1 and Action-
View 2.

Method AssPr LocA AssA HOTA DetPr

BoT-SORT + RNMF in View 1 63.748 78.794 51.868 44.812 70.545
BoT-SORT + RNMF in View 2 15.407 78.782 5.212 14.938 69.923
ByteTrack + RNMF in View 1 57.539 77.186 45.279 43.180 65.068
ByteTrack + RNMF in View 2 16.731 77.732 5.8811 16.181 66.630
BoT-SORT + Ours in View 1 76.775 78.836 59.592 48.159 70.765
BoT-SORT + Ours in View 2 82.092 78.809 12.920 23.424 70.037
ByteTrack + Ours in View 1 77.108 77.253 57.186 48.839 65.412
ByteTrack + Ours in View 2 84.481 77.787 14.284 25.078 66.886
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As shown in Table 2, all methods achieve comparable Localization Accuracy. The
moderate HOTA scores observed across all methods are partly due to the presence of noisy
labels in the test set, which introduce uncertainty in detection and association evaluation.

In terms of association performance, both AssA and AssPr indicate that our BEV-
based matching strategy outperforms RNMF. This suggests that precise spatial alignment
in the BEV space leads to more accurate cross-camera association than trajectory-to-target
matching in cluttered environments such as cattle barns.

Tracking metrics are generally consistent with the trends observed in Figure 13.
Action-View 2 exhibits better Detection Precision, which is likely due to its smaller spa-
tial coverage and lower cattle density, resulting in fewer false positives and improved
detector performance.

3.3.3. Ablation Study

As part of the ablation study, Figure 14 illustrates how tracking performance varies
over a full day for the two Action-View cameras. Performance is above average in the early
morning when cattle activity is relatively low and tracking is less challenging.

Figure 14. AssPr scores over time for Action-View 1 and Action-View 2. The plot shows per-interval
tracking of performance variation across a full day.

A sharp performance drop occurs between approximately 9:00 and 10:00, correspond-
ing to the first feeding period. During this time, increased activity and congestion, com-
bined with Cross-View ID Updates being misinterpreted as ID switches, lead to a noticeable
decline in performance. After the feeding session ends, performance gradually recovers.

This recovery is followed by a steady decline as cattle move to areas farther from
the cameras, making detection more difficult. A second sharp drop is observed between
20:00 and 21:00, coinciding with the evening feeding session and mirroring the challenges
of the morning peak.

To evaluate the impact of face recognition, we analyzed a 990-frame sequence captured
during the feeding period under Action-View 1, comparing performance with and without
the face recognition module. In this test, tracking IDs were initialized directly with face IDs,
thereby avoiding early ID switch errors that might otherwise result from identity updates.

As shown in Figure 15, the model without face recognition performed slightly better
during the first 90 frames. However, by around 360 frames, the face recognition module
began to stabilize tracking, reducing ID inconsistencies. Over time, its benefit diminished,
and the version without face recognition eventually achieved relatively better results.
Nevertheless, both approaches exhibited declining performance over time, reflecting the
major challenges posed by frequent movement and severe occlusion during feeding.
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Figure 15. AssPr scores during the feeding period, highlighting the contribution of face recognition.

These findings suggest that cattle tracking performance follows clear temporal patterns
linked to behavioral routines such as feeding. Understanding and adapting to these
temporal dynamics is crucial for precision livestock farming, as it enables the design of
more intelligent tracking systems and contributes to improved animal welfare monitoring.

4. Discussion
This work presents a unified framework for multi-object, multi-view cattle tracking in

a real-world barn environment. The following discussion highlights the strengths of the pro-
posed method, its current limitations, and potential directions to address these challenges.

4.1. Strengths

The experimental results confirm that the proposed framework effectively captures
both the spatial and temporal dynamics of cattle behavior. Unlike models that rely solely on
appearance cues, our BEV-based spatial localization and trajectory matching strategy incor-
porates geometric constraints, enabling more reliable distinction between individuals with
highly similar appearances. This capability is particularly valuable in barn environments,
where cattle are densely packed and frequent occlusions occur.

A further strength is the framework’s robustness to annotation noise. Despite the
presence of imperfect labels in the training data, the system maintains stable tracking perfor-
mance. This resilience suggests that the model can tolerate noisy supervision and generalize
well to complex and variable barn conditions, which is essential for real-world deployment.

4.2. Limitations

Despite these advantages, several limitations remain. First, the reliance on noisy
annotations reduces the interpretability of precision-sensitive metrics. Errors in identity
assignment can accumulate over long sequences, which undermines the reliability of
detection-related metrics such as DetPr and HOTA. Moreover, cattle tracking differs funda-
mentally from conventional multi-object tracking benchmarks, which typically evaluate
performance over short temporal segments. Our objective of continuous, day-long tracking
introduces additional challenges, as identity drift and occlusion events accumulate over
time. These challenges underscore the inherent difficulty of maintaining long-term identity
consistency in barn environments.

A second limitation arises from the evaluation metrics themselves. Mainstream track-
ing metrics are primarily designed for short-term, open-world scenarios (e.g., pedestrian
tracking at intersections) and thus have limited applicability to livestock monitoring.
Two issues are particularly evident:
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• Identity recognition is overlooked. Once an identity error occurs, subsequent evalua-
tion of the affected trajectory becomes unreliable.

• Cross-camera re-identification (ReID) is not adequately captured. In conven-
tional benchmarks, most objects do not reappear within the same camera’s field
of view, making these metrics unsuitable for evaluating long-term, multi-camera
identity consistency.

These mismatches highlight the need for more appropriate evaluation methodologies
that can capture both identity recognition and cross-camera association in livestock tracking
scenarios. Developing such metrics will be an important direction for future research.

4.3. Potential Solutions

Two complementary strategies could help mitigate these challenges. The first is to
enhance annotation quality through additional manual labeling, which would improve
supervision reliability but require significant time and labor. The second is to deploy
additional cameras, thereby reducing the spatial coverage per view, increasing resolution,
and minimizing occlusion. These hardware improvements, even without modifying the
core framework, could substantially enhance the accuracy, robustness, and scalability of
multi-camera cattle tracking in real-world barn environments.

5. Conclusions
This study proposed a cross-camera multi-object tracking framework for cattle moni-

toring in real-world barn environments, integrating multi-view spatio-temporal modeling,
BEV-based trajectory matching, and face recognition-based identity updating to achieve
robust and scalable long-term tracking. Extensive experiments on a large-scale multi-
camera dataset with substantial annotation noise demonstrated strong localization and
association performance, maintaining identity continuity under challenging conditions
of high appearance similarity, crowding, and frequent occlusion. The main contributions
include the development of a multi-object cross-camera tracking framework, the integra-
tion of BEV-based spatial matching with face recognition for reliable identity association,
and comprehensive validation on a large, noisy, real-world dataset. Future work will
focus on improving annotation quality and strategically deploying additional cameras to
enhance resolution and reduce ambiguity, thereby further advancing the applicability of
cross-camera cattle tracking systems in precision livestock farming.
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