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ARTICLE INFO ABSTRACT
Keywords: Reliable re-identification and accurate body weight estimation are fundamental for precision cattle manage-
Beef cattle ment. This paper proposes a joint optimization method based on a semantic disentanglement model of dorsal

Weight estimation
Re-identification
Convolutional neural network

cattle images, which improves body weight prediction accuracy while performing cattle dorsal re-identification.
Specifically, the proposed model disentangles dorsal image representations into morphology, texture, and
posture, and aligns each component with its corresponding downstream task, enabling more effective and
independent feature learning. We further develop a method, identity-consistent multi-image aggregation,
which is inspired by an information-theoretic approach to quantify the benefits of aggregating predictions
across multiple images of the same individual. During inference, the proposed Weight-Constrained Identity
Clustering (WCIC) method groups images by identity and filters out weight outliers to enhance cattle weight
prediction accuracy. Extensive experimental results demonstrate that, compared with single-task baselines,
the proposed method maintains re-identification accuracy while reducing the mean absolute error (MAE) of
body-weight estimation by 4.89 kg, corresponding to an improvement of approximately 26.5%. These results
highlight the effectiveness of semantic disentanglement and identity-consistent multi-image aggregation for
robust, non-contact weight monitoring of cattle in real-world farm environments.

1. Introduction continuous data acquisition without physical weighing. Their integra-
tion is fundamental for maintaining long-term body weight continuity
In precision beef cattle management, continuous monitoring of indi- and enabling reliable, data-driven evaluation of feed efficiency and
vidual body weight growth is a key indicator for evaluating production individual growth performance (Merrell, 1931). With increasing em-
efficiency and economic profitability (da Costa Freitas and Barbosa, phasis on feed efficiency optimization and economic sustainability,
2025; Ojo et al., 2024). Variations in genetic background, physiological integrated cattle identification and weight estimation have become a
traits, and feeding environments result in distinct growth patterns core requirement for digitalized, lifecycle-oriented cattle production
and fattening efficiencies among individual cattle (Liu et al., 2010; systems (Qiao et al., 2021; Markov et al., 2022).

Cantalapiedra-Hijar et al., 2018). Consequently, modern beef cattle
production is shifting from extensive, scale-oriented practices toward
individual-level growth assessment, where body weight gain over time
or feeding cycles serves as a critical metric closely associated with feed
conversion ratio (FCR) and fattening efficiency (Tedeschi et al., 2004).
This growth-based indicator integrates both inherent breed character-
istics and management-induced feeding efficiency, providing essential
guidance for precision feeding and individualized management.
Accurate estimation of individual growth trajectories requires the
joint capability of cattle re-identification and body weight estimation,
as growth rates are derived from repeated measurements of the same in-
dividual over time. Re-identification ensures identity consistency across
monitoring cycles, while contactless body weight estimation enables 2022; Los et al, 2023; Liu et al, 2023; Xu et al., 2024; Weber

Currently, cattle weighing methods are generally categorized into
chute-based and non-contact techniques. Chute-based weighing re-
mains widely adopted in commercial production, where cattle are
guided into weighing chutes and body weight readings are associated
with individual identities through visual or electronic ear tags (Han
et al., 2025; Lopes et al., 2018; Wangchuk et al., 2018). Despite its prac-
ticality, this approach suffers from low operational efficiency, safety
risks, and stress-induced welfare concerns. In contrast, non-contact
weighing has emerged as a promising research direction, leveraging
sensors and computer vision to estimate body weight from visual
inputs via regression models (Dohmen et al., 2021; Ruchay et al.,
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et al.,, 2020; Gjergji et al., 2020; Zin et al., 2020; Imamura et al.,
2017). However, existing non-contact methods still struggle to balance
cost-effectiveness, estimation accuracy, and imaging quality (Tscharke
and Banhazi, 2013), and more critically, often lack the capability to
automatically associate weight predictions with individual identities,
limiting their applicability in large-scale farming environments.

Similarly, cattle re-identification has evolved along two primary
technical pathways. The first relies on manually assigned identity mark-
ers, such as visual or electronic ear tags (Williams et al., 2019; Feng
et al., 2013). While simple to deploy, these approaches depend heavily
on manual intervention and are prone to data loss and misidenti-
fication. The second pathway exploits biometric traits by capturing
facial or dorsal images and encoding identity-discriminative features for
autonomous identification (Shijun Li et al., 2021; Nasir et al., 2025; Ya-
mamoto et al., 2025; Wang et al., 2025; Kumar et al., 2025). Biometric
approaches are non-contact and non-invasive, offering greater automa-
tion potential and robustness for precision livestock management.

In computer vision, different tasks often focus on distinct semantic
aspects of visual data and may exhibit semantic interference when
jointly modeled. Semantic disentanglement has therefore emerged as an
effective representation learning paradigm to decouple correlated yet
functionally distinct semantic factors, and has been successfully applied
in person re-identification, image generation, zero-shot learning, and
domain adaptation (Gu et al., 2022; Xiangyu Li et al., 2021; Karras
et al., 2019; Zhang et al., 2018). In the context of cattle re-identification
and weight estimation, identity-discriminative texture cues and weight-
related morphological cues are inherently correlated but serve dif-
ferent functional roles. Disentangling these semantics enables joint
optimization of the two tasks while reducing negative transfer, thereby
improving robustness and estimation accuracy in real-world farming
scenarios.

Motivated by these observations, this study proposes an integrated
computer vision framework that simultaneously performs cattle re-
identification and body weight estimation from dorsal (top-view) im-
ages. Dorsal views provide stable representations of body morphology
and surface texture, reducing occlusion and posture-induced variability.
By disentangling identity-related and weight-related semantics em-
bedded in dorsal images, the proposed framework enables effective
joint modeling of the two tasks. Experimental results demonstrate
that identity-consistent textural features substantially enhance weight
estimation accuracy, supporting reliable long-term growth monitoring
in practical production settings.

The main contributions of this paper are as follows:

» Semantic disentanglement of dorsal cattle images. We system-
atically perform task-specific feature separation on dorsal cattle
images, decomposing them into three semantic components: mor-
phological features (structural attributes such as body contour
and trunk dimensions), textural features (identity-discriminative
cues such as coat color and fur patterns), and state features
(dynamic attributes such as posture and behavior). This semantic
disentanglement clarifies the complementarities between body
weight estimation and cattle re-identification, providing effec-
tive multi-scale prior knowledge for multi-task learning, thereby
enhancing model generalization.

Multi-image same-identity joint estimation and quantitative
information-theoretic analysis. We propose a multi-image,
same-identity joint estimation framework to leverage identity-
consistent features for improved body weight prediction. Based
on information-theoretic principles, the Kullback-Leibler (KL)
divergence is employed to quantify information certainty, re-
vealing how joint modeling of multiple images of the same
identity refines the posterior distribution of weight estimates. This
formulation theoretically substantiates the deterministic gains
of multi-image joint estimation in reducing predictive uncer-
tainty of cattle weight and guides the design of effective feature
aggregation strategies.
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+ Identity-consistent multi-image aggregation We propose a
dual-task framework that jointly trains cattle re-identification and
body weight estimation while leveraging cross-task semantic dis-
entanglement. The model architecture first employs a backbone
to extract multi-scale dimensional features, which are then fed
into task-specific multi-head learning modules for joint training of
hierarchical morphological and textural features, thereby enhanc-
ing the full utilization of effective task-relevant features. During
inference, an iterative refinement mechanism is introduced to
perform cross-task outlier filtering, thereby mitigating the im-
pact of erroneous predictions on each task. Experimental results
demonstrate that the proposed framework effectively enhances
feature representation, improves prediction robustness, and pro-
vides a practical solution for integrated identity recognition and
weight monitoring in precision livestock farming, including in
challenging zero-shot scenarios.

2. Materials and methods
2.1. Semantic disentanglement of cattle dorsal images

In computer vision, image semantics generally refer to the abstract
information conveyed by an image. In this work, we define semantics as
the structured, high-level information abstracted from the entire image,
moving beyond pixel-level segmentation. Such a distinction between
raw representation and underlying meaning is critical for robust AI; for
instance, Farquhar et al. (2024) demonstrated that focusing on “seman-
tic” equivalence rather than “syntactic” or lexical variation is essential
for accurately detecting hallucinations in generative models (Farquhar
et al., 2024).

Inspired by this principle of prioritizing semantic consistency over
surface-level features, we show that the dorsal view of cattle can be
semantically disentangled into three principal components: morpholog-
ical, textural, and postural semantics (Fig. 1). This decomposition al-
lows for a more precise representation of both biological and biometric
traits.

Formally, the semantic disentanglement of a dorsal image I is
expressed as:

I= Fmorph ® Frexture D Fpos +e, €y}

where @ denotes the compositional combination of semantic com-
ponents, representing the joint contribution of each semantic subspace
to the overall image representation. Specifically:

* Fmorph: Morphological semantics, encoding body-scale struc-
tural characteristics (e.g., body length, chest circumference);

* Fiexture: Textural semantics, capturing biometric identifiers
(e.g., coat color patterns, dorsal markings);

* F,os: Postural semantics, reflecting transient behavioral or pose-
related information (e.g., head orientation, hoof placement);

+ ¢: Noise term, encompassing external disturbances (e.g., illumi-
nation changes, occlusion).

Eq. (1) presents the disentanglement of a dorsal image into three
mutually complementary semantic subspaces, each encoding distinct
semantic information.

Morphological semantics form the structural basis for body weight
estimation. Features such as rump fullness, abdominal tightness, and
neck curvature evolve with growth, reflecting both common develop-
mental patterns and individual differences among cattle.

Textural semantics provide discriminative biometric cues for cattle
re-identification. Rather than being strictly invariant, dorsal texture
patterns encode individual-specific semantic structures that remain
relatively stable and comparable over time, enabling effective identity
discrimination even in the presence of moderate environmental noise
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Fig. 1. Semantic disentanglement of dorsal-view cattle images into morphological, textural, and postural features.

such as dirt accumulation or illumination variations (Yuqi Zhang et al.,
2025).

Postural semantics capture dynamic variations present during image
acquisition, including head movements, neck rotations, hoof place-
ment, and spinal curvature. Modeling of these variations reduces
posture-induced noise, thereby improving the robustness of both weight
estimation and re-identification.

2.2. Multi-image same-identity joint estimation
information-theoretic analysis

and quantitative

In practical cattle weight estimation, predictions derived from a
single dorsal image are often biased by confounding factors such as
posture variation, occlusion, and illumination. To mitigate such lim-
itations, we introduce a semantic information theory based on the
principle of synonymous mapping (Niu, 2025).

Specifically, let U denote the set of all possible dorsal cattle
images (i.e., the syntactic space or raw pixel domain), and let U
represent the high-level semantic attribute space (e.g., attributes
such as cattle identity and weight). The synonymous mapping f : U —
2V associates each semantic symbol i (e.g., a specific weight value
W) with an equivalence class of syntactic representations U, cU.
This equivalence class comprises all image instances u that are visually
distinct but correspond to the same semantic meaning (i.e., the same
weight W).

For a dataset of n images belonging to the same cattle identity,
(L1, €U, the true semantic probability distribution of weight
W €U is given by

Y, Pw. @

uef~1W)

PW) =

where f~!(W) denotes the set of all syntactic instances mapped to W/,
and P(u) represents a prior probability distribution over the syntactic
space U, i.e., the probability of capturing a particular image u in the

real world. This distribution serves as the theoretical foundation for our
analysis, though it is typically unavailable in practice.

For a single image I;, the induced semantic distribution Qﬁ,i)(W)
represents the probability of each possible semantic value (e.g., body
weight) inferred from that image, capturing the uncertainty due to
variations in posture, illumination, or occlusion. Aggregating multiple
images of the same cattle identity produces an averaged semantic
distribution:

0™ w) =13 00w, ©)
=
Following the convexity property of Kullback-Leibler divergence
(Niu, 2025). Formally, for any two candidate distributions 0" and 0
and A € [0, 1],

Dicr (P, [ 400"+ (1= 9O ) < 2D, (P | @)+ (1= HD (P, | 0P,

4
Applying this property to the multi-image case yields
1 n
(avg) i)
D P, < - E Dy (P, . 5
KL<S”QS )—n.l KL( T”Qs) ()

Thus, the divergeﬁ_ce associated with the averaged estimator is
always no worse than the arithmetic mean of the divergences of in-
dividual estimators. Moreover, whenever the Q% are non-degenerate
(i.e., exhibit variance), strict inequality holds. In other words, for any
single image I;, one typically has

Dy (P || 09) > Dy (P, || 0¥, (6)

From an information-theoretic perspective, this result shows that
multi-image fusion provably reduces semantic uncertainty in cattle
weight estimation. Equivalently, using the notation H(P | Q) to
denote the cross-entropy between distributions P and Q (defined as
H(P,0) = -, P(x)log O(x)), we have:

H(P, Q™) < H(P,,0") %)
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The reduction in semantic uncertainty (i.e., the increase in estima-
tion certainty) is evaluated by aggregating multiple images of the same
cattle identity.

While Eq. (7) demonstrates the reduction of uncertainty in the
semantic probability space, implementing full distributional fusion is
computationally intensive. We therefore adopt a practical approxima-
tion: assuming the output distribution of the weight regression network
approximates a Gaussian distribution N'(u,?), the fusion of semantic
distributions Q“¥ can be effectively approximated by the arithmetic
mean of the individual weight predictions. This approximation is justi-
fied because the average of Gaussian distributions remains Gaussian,
with its mean equal to the average of the individual means. There-
fore, in our practical implementation, we utilize the averaged weight
value to realize this theoretical gain in certainty while maintaining
computational efficiency.

2.3. Identity-consistent multi-image aggregation

2.3.1. Data preparation

To construct a dataset of multiple dorsal images of cattle along
with their corresponding body weights, we designed the experimental
setup shown in Fig. 2. The dataset includes a diverse range of cattle
breeds, including Simentaler (Simmental) cattle, Angus cattle, various
crossbreeds, and indigenous local breeds, ensuring a broad representa-
tion of morphological and textural variations. The weighing chute was
modified by installing two cameras at different heights, both connected
to a central host via Bluetooth. The electronic scale was interfaced
with the host computer through an RS232 serial connection, and a
custom software system was developed to monitor the real-time scale
waveform and synchronize image capture with weight measurements.
This system is only used to provide the ground truth of model training.
Once the model is trained, there is no need to use the chute.

When a cow passed through the chute, the system activated a lock-
ing mechanism on the scale waveform and applied a sliding-window
filter to track the stability of the weight readings. Once the weight
signal reached a relatively stable state, the cameras were triggered to
capture images at 2-second intervals, with each camera storing up to
six frames.

The recorded weights were calibrated against manual readings to
ensure measurement accuracy. Based on this procedure, we constructed
a dataset of dorsal-view cattle images paired with ground-truth weights.
The final dataset comprises 15,161 images in the training set and 1494
images in the validation set, with a weight range from 500 kg to
930 kg, an average weight of 714.78 kg, and a standard deviation of
81.43 kg. Importantly, the training and validation sets were split such
that cattle identities do not overlap, ensuring that models are evaluated
on entirely unseen individuals. Fig. 2 illustrates the experimental setup
for data acquisition, while Fig. 3 presents the statistical distribution of
cattle weights in the training and validation subsets.

Before training the model on the collected cattle images, a series of
preprocessing steps were applied to enhance robustness against spatial
and illumination variations (Fig. 4).

Specifically, to address viewpoint misalignment across different
cameras, peripheral regions introduced during alignment were first
cropped and padded with black pixels while maintaining the original
canvas size. This cropping-resizing strategy effectively reduced artifacts
caused by cross-camera inconsistencies. Subsequently, all processed
images were uniformly scaled to a resolution of 128 x 256, which
preserves the statistical aspect ratio of dorsal cattle views. These steps
encourage the model to focus on the central semantic regions of the
cattle while reducing reliance on background information, thereby
improving spatial feature robustness.

From a spatial perspective, different image transformations affect
the two tasks in distinct ways due to their underlying semantic de-
pendencies. We observed that image flipping has a significant impact
on re-identification tasks, which rely heavily on texture semantics.
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Fig. 3. Weight distribution of the collected dataset. Blue: training set (15,161
samples); Yellow: validation set (1494 samples).

Re-identification depends on specific, location-dependent visual cues
such as coat color patterns and dorsal markings, whose relative spatial
configurations are crucial for consistent individual matching. Flipping
alters the orientation of these key identifiers, potentially disrupting the
model’s discriminative capability.

In contrast, body weight estimation is primarily driven by mor-
phological semantics, focusing on structural attributes such as body
contour, projected area, and dorsal shape fluctuations. Consequently,
image scaling — either enlargement or shrinkage — can substantially
influence the representation of these morphological features, leading
to variations in weight estimation accuracy. Overall, re-identification is
more sensitive to flipping due to its dependence on fine-grained texture
features, whereas body weight estimation is more affected by scaling
because of the proportional and structural nature of the morphological
cues involved.

2.3.2. Semantic-disentanglement based dual-task training framework
Building on the proposed theory of semantic disentanglement in
cattle dorsal imagery, our method aims to achieve simultaneous yet dis-
entangled modeling of identity and body weight. Specifically, the dorsal
view is leveraged to separate texture semantics, which serve as discrim-
inative features for re-identification, from morphological semantics,
which capture body-scale characteristics crucial for weight estimation.
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Fig. 4. Overview of preprocessing transformations for dorsal cattle images.
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Fig. 5. Overview of the proposed network.

Due to the acquisition setting, where the cattle torso remains nearly
parallel to the imaging plane, this viewpoint minimizes the impact of
behavioral variations on semantic disentanglement, enabling the neural
network to independently learn identity-related features from texture
and weight-related features from morphology.

We propose a semantic disentanglement based dual-task training
framework that effectively integrates cattle re-identification and body
weight estimation. The network consists of four main components:
a multi-scale shared feature extraction module, a texture semantic
disentanglement module, a morphological semantic disentanglement
module, and the loss functions (Fig. 5). The backbone is adapted from
an enhanced OSNet architecture (Zhou et al., 2019), which is well-
known for its omni-scale feature learning capability, enabling effective
capture of both fine-grained texture semantics and large-scale morpho-
logical information. OSNet’s dynamic feature aggregation mechanism
supports multi-scale perception and fusion, improving spatial repre-
sentation and making it highly suitable for semantic disentanglement
tasks.

In our design, the multi-scale shared feature extraction module
retains the original OSBlock modules. For further semantic disentangle-
ment, two parallel OSBlock-based branches are introduced to handle
different feature semantics. The texture semantic branch explicitly

supports the re-identification task, while the morphological seman-
tic branch explicitly supports body weight estimation. In the output
heads, texture features are processed through fully connected layers
for re-identification, whereas morphological features are first reduced
in dimensionality before being fed into a regression head for weight
prediction.

To jointly optimize the two tasks of cattle re-identification and body
weight estimation, we adopt a hybrid loss function that integrates both
classification, metric learning, and regression objectives. The overall
optimization objective is formulated as

Liotal = Lcg + AzﬁTriplet + 4w Lyvise (8

where Lq; denotes the cross-entropy loss for global re-identification,
Lyplet 18 the triplet loss used to enhance intra-batch embedding dis-
crimination for re-identification, and £yg; represents the mean squared
error loss for body weight regression. The weighting coefficients 4,
and 4, balance the contributions of metric learning and regression
objectives during joint training.

Although the two disentanglement modules share similar convo-
lutional designs, their distinct loss function combinations serve two
purposes: on one hand, the task-specific supervision signals effectively
guide the semantic separation. The Re-ID loss enforces the texture
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branch to focus on identity-invariant patterns (coat color), ignoring
structural changes; simultaneously, the Weight loss constrains the mor-
phological branch to prioritize shape indicators correlated with weight,
disregarding pixel-level identity textures. on the other hand, through
backpropagation, the two branches collaboratively enhance the effec-
tiveness and accuracy of multi-scale shared feature extraction, thereby
improving the performance of both disentanglement tasks. This mutual
benefit has been validated in our experiments.

2.3.3. Cross-task outlier filtering for inference

During inference, we adopt a cross-task outlier filtering strategy to
enhance robustness. Initially, the model generates both identity embed-
dings and weight estimates for all images. The identity embeddings
are clustered to group samples of the same individual. Within each
identity cluster, weight predictions are further refined by clustering to
filter outliers caused by misidentification or large estimation errors.
Clusters exhibiting excessive weight variation are discarded, and the
remaining clusters yield the final inferred weight by averaging the
predictions within each cluster. This twice iterative refinement ensures
consistency across both identity and weight dimensions, suppressing
error propagation and significantly improving prediction accuracy.

Since the per-identity inference Mean Absolute Error (MAE) on the
validation set is observed to fall within the range of 20-25 kg, and
many samples are affected by environmental factors such as camera
viewpoint variations and animal posture, we adopt a conservative
outlier threshold of r = 15 kg in the proposed WCIC scheme. This
threshold represents a practical trade-off between measurement uncer-
tainty and biological variability: dynamic weight fluctuations caused
by respiration and subtle posture changes are typically within 5-10
kg, while 15 kg corresponds to approximately 2.1% of the average
body weight in our dataset (714.78 kg), which is consistent with the
normal intra-day physiological variation (approximately 2%-3%) in
beef cattle. Although a tolerance of up to 25 kg is commonly accept-
able in production-oriented growth monitoring (Liu et al., 2023), we
deliberately adopt a stricter threshold to suppress outliers and improve
the robustness of identity clustering and weight inference.

As described in Algorithm 1, the inference proceeds in two stages:
identity clustering and weight-based outlier filtering.

Algorithm 1 Cross-Task outlier filtering inference

Require: Image set 7, trained model M, outlier threshold =

Ensure: Cluster mapping C, inferred weight per cluster W,
1: Model inference:
2: for each i € T do
3 (f.iy) « M)
estimate

: end for

: Normalize {f;}

e* « optimal DBSCAN threshold

: C < DBSCAN({ f;},€*) > DBSCAN: a density-based clustering
algorithm

> Where f;: identity feature, 0;: weight

No s

8: Split large clusters by K-Means on i;
9: for each cluster ¢ in C do

10: if max(i0;) — min(d;) > = kg then
11: Exclude ¢

12: else

13: W, « mean(id; | i € ¢)

14: end if

15: end for

16: return C, {W,}

2.4. Evaluation indicators

For validation, re-identification is assessed using positive-negative
image pairs. Two randomly sampled images are encoded into iden-
tity embeddings, and their cosine distance is computed. Standard
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re-identification metrics, such as mAP, Rank-1, and Rank-3, are em-
ployed for quantitative evaluation.

For body weight estimation, predicted values are compared against
ground-truth measurements. The primary evaluation metric is the MAE:

N
1 .
MAE = — §|y[_y,.|, 9)

where §; and y; denote the predicted and ground-truth weights of
the ith sample, respectively, and N is the total number of samples.
Additionally, the Root Mean Squared Error (RMSE) is used to quantify
the sensitivity to larger deviations:

S
v 2

To leverage the benefits provided by multi-image same-ID joint
estimation and quantitative information-theoretic analysis, we define
the Multi-image Mean Absolute Error (MMAE) and Multi-image Root
Mean Squared Error (MRMSE). For an individual j with M ; images,
we first compute the average predicted weight across all images of that
individual:

RMSE = 10)

L
=g 2w an

where J;, represents the predicted weight of the kth image of individual
j. Since all images of the same individual share the same ground-truth
weight y;, the absolute error and squared error for individual ; are then
computed as:

A, =[5, - . 12

= 2

SE; = (3, ;)" as)
The overall MMAE and MRMSE are obtained by averaging these errors
across all individuals in the dataset:

Nip

MMAE = —— ) AE,, MRMSE = a»
Np =

where N, denotes the total number of individuals. These metrics
provide a robust evaluation of weight estimation performance when
multiple views per individual are available, capturing the accuracy of
the fused estimate derived from multiple observations.

3. Results
3.1. Multi-task joint training

In this study, we propose a lightweight dual-task semantic dis-
entanglement framework built upon classical backbone architectures,
including OSNet, ResNeXt (Xie et al., 2017), and EfficientNet (Koonce,
2021). Notably, both ResNeXt and EfficientNet have been demon-
strated to achieve advanced performance in cattle body weight esti-
mation tasks, showing strong regression accuracy and robustness in
practical livestock scenarios (Haoyu Zhang et al., 2025; Gjergji et al.,
2020). Each model was modified by incorporating a parallel group-
ing module in the final stage, enabling two decoupled branches for
simultaneous cattle re-identification and weight estimation. This design
allows shared feature extraction in earlier layers while maintaining
task-specific representations in the output stage.

As presented in Tables 1 and 2, all dual-task models outperform
their single-task counterparts in both re-identification accuracy and
weight estimation precision. These results validate the effectiveness
of the proposed multi-task joint optimization strategy, which lever-
ages shared semantic information between identity and body-weight
information.

Among all evaluated architectures, OSNet achieved the best over-
all performance in both tasks, benefiting from its strong capacity to
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Table 1
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Comparison of model performance under different task configurations based on re-identification metrics.

Model RelD-task Weight-task mAP 1t Rank-1 ¢ Rank-3 t
PCB (Sun et al., 2018) v - 0.904 0.972 0.992

MGN (Wang et al., 2018) v - 0.958 0.984 0.993
CACE-Net (Yu et al., 2022) v - 0.951 0.979 0.996
EfficientNet v - 0.799 + 0.026 0.921 £0.017 0.965 + 0.006
ResNeXt v - 0.962 + 0.004 0.989 + 0.005 0.997 + 0.003
TransRelD v - 0.962 + 0.004 0.989 + 0.005 0.997 + 0.003
OSNet v - 0.970 + 0.003 0.992 + 0.002 1.000+0.001
EfficientNet v v 0.887 +0.012 0.954 + 0.008 0.982 + 0.006
ResNeXt v v 0.972 + 0.006 0.995 +0.003 0.998 +0.002
OSNet v v 0.972+0.003 0.995+0.003 0.999 +0.001

Table 2

Comparison of model performance under different task configurations based on Weight estimation metrics.
Model RelD-task Weight-task MAE (kg) | MSE | RMSE (kg) |
SE-ResNeXt (Haoyu Zhang et al., 2025) - v 25.217 1070.198 32.673
EfficientNet (Gjergji et al., 2020) - v 25.217 +0.984 1070.198 + 105.896 32.673 + 1.625
ResNeXt - v 28.329 + 1.904 1265.540 + 147.634 35574 +£2.184
OSNet - v 23340 £ 1.618 895.465 + 130.250 29.856 +2.009
EfficientNet v v 23914 +£0.921 1042.610 + 66.409 30.309 + 1.092
ResNeXt v v 25.786 + 1.221 1065.143 + 102.105 32.600 + 1.525
OSNet v v 21.936 +0.414 779.840 +30.823 27.920 +0.550

Fig. 6. Grad-CAM visualizations of the Re-ID branch and the weight estimation branch. For each pair, the left image corresponds to the Re-ID branch, while the
right image corresponds to the weight estimation branch. It can be observed that the Re-ID branch is more sensitive to distinctive texture patterns and coat color
variations, whereas the weight estimation branch focuses more on spatial structure and overall body shape.

capture global context and fine-grained local structures. After disen-
tanglement modification, the dual-task OSNet achieved the highest
re-identification accuracy (mAP = 0.972, Rank-1 = 0.995, Rank-3
= 0.999) and the lowest weight estimation errors (MAE = 21.94 kg,
MSE = 779.84, RMSE = 27.92 kg). Compared with its single-task
counterparts, the dual-task configuration significantly improved both
RelD precision and weight prediction stability. Furthermore, the ef-
fectiveness of the proposed semantic disentanglement is qualitatively
supported by Grad-CAM visualizations (Fig. 6), which show that the
Re-ID branch primarily attends to fine-grained texture and coat pattern
cues, while the weight estimation branch focuses on global spatial
structure and body morphology.

These results indicate that the re-identification and weight-
estimation tasks are semantically correlated, and that incorporating a
semantic-decoupling-based approach into their joint learning enables
more effective mutual regularization. Across all tested backbones,
multi-task training almost consistently outperformed single-task train-
ing, underscoring the general advantage of semantically decoupled
joint feature learning for integrated cattle perception systems.

3.2. Results of multi-image same-ID joint estimation

Table 3 summarizes the results of multi-image weight estimation us-
ing the proposed multi-task models based on identity-consistent multi-
image aggregation. In this experiment, the models were evaluated on
sets of 1 to 6 images per individual, with errors aggregated across
all images of the same ID. Specifically, the MMAE and MRMSE are
computed by first evaluating the MAE and RMSE for each image of an

individual, and then averaging these errors across all images belonging
to the same ID, as defined in Eq. (14). These metrics reflect the overall
estimation performance for each individual when multiple observations
are available.

As the number of images per individual increases from one to six,
both MMAE and MRMSE steadily decrease, with the most notable
improvement observed when moving from one to two images. This
trend demonstrates the deterministic information gain obtained from
aggregating multiple views of the same individual. Among all tested
architectures, OSNet consistently achieved the best results, reaching
an MMAE of 18.45 kg and an MRMSE of 23.55 kg when using six
images, indicating that multi-image fusion substantially improves both
accuracy and robustness.

Overall, these results demonstrate that the proposed dual-task se-
mantic disentanglement framework not only enhances single-image
weight estimation but also significantly improves estimation accuracy
and stability under multi-image conditions. The performance gains
observed in MMAE and MRMSE highlight the benefits of leverag-
ing multiple views of the same individual, suggesting that identity-
consistent multi-image aggregation is an effective strategy for robust
cattle weight monitoring in practical applications. From the downward
trend, it can be observed that using four images of the same individual
within the same time period yields relatively accurate joint weight
estimation, while the performance gain begins to plateau as the number
of images continues to increase.
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Performance comparison of different algorithms under varying numbers of images per individual. MMAE and MRMSE are the average MAE and RMSE across all

images of the same ID.

Algorithm 1-image 2-image 3-image 4-image 5-image 6-image
MAE RMSE MMAE MRMSE MMAE MRMSE MMAE MRMSE MMAE MRMSE MMAE MRMSE
OSNet 21.06 27.01 19.91 25.28 19.21 24.43 18.81 24.00 18.58 23.73 18.45 23.55
ResNeXt 23.62 30.15 21.53 27.33 20.74 26.32 20.33 25.80 20.08 25.49 19.94 25.27
EfficientNet 23.99 30.57 22.25 28.18 21.61 27.34 21.29 26.91 21.11 26.65 21.01 26.48
Table 4 Dim 1 L. Initial DBSCAN Noise
Cluster analysis summary of cross-task outlier 40 M Weight-Excluded Clusters
filtering inference results. F Y ph -
Metric Value - ® - :
Total Samples 1488 20 ¢ :_- o ’ - o
. :
Original Classes 248 i - . v
Clustered Classes 253 ' & - . = ¢
Excluded Clusters (>15 kg) 42 3 - : -
Valid Clusters 211 0 e ‘ R . -
Correct Clusters 211 = I .
Correct Cluster Ratio 1.00 P Y., . L .
MMAE 18.80 kg ‘i . o7t - o v
Valid Clusters Sample MAE 21.65 kg 20 vt . .
MAE 21.91 kg PR . '
- . L4 ot » £
-40 ' . . Dim 2
im
3.3. Inference results
-40 -20 0 20 40 60

This subsection presents the inference results of the proposed cross-
task outlier filtering framework on the validation set, highlighting its
ability to improve clustering reliability and weight estimation accuracy
under unseen identities. Since the validation identities and weight dis-
tributions are completely disjoint from those used during training, the
results provide a rigorous evaluation of the framework’s generalization
capability. During inference, the re-identification branch first groups
images into identity-consistent clusters based on feature similarity,
enabling multiple observations of the same individual to be aggregated.
The weight estimation branch then provides complementary feedback
by identifying clusters with abnormal intra-cluster weight variation, al-
lowing unreliable clusters to be excluded and improving the consistency
of the remaining predictions.

Table 4 summarizes the inference statistics obtained from 1488
validation images, corresponding to 248 cattle identities with six im-
ages per individual. The DBSCAN-based clustering process produced
253 clusters in total. Among them, 42 clusters were identified as
abnormal due to excessive intra-cluster weight variation exceeding
15 kg and were excluded. After filtering, 211 valid clusters remained,
all of which were correctly grouped, yielding a perfect clustering
performance (Correct Cluster Ratio = 1.0000).

To provide an intuitive understanding of the clustering and filtering
behavior, Fig. 7 visualizes the similarity embeddings using t-SNE pro-
jection. Each point represents an identity embedding extracted from
the re-identification branch. Black crosses denote feature-level outliers
directly identified by DBSCAN, typically caused by degraded visual
quality such as motion blur, partial occlusion, or extreme body posture.
Red crosses indicate clusters that initially appear consistent in the em-
bedding space but are subsequently excluded due to excessive weight
inconsistency. This visualization demonstrates that feature-based clus-
tering alone may be insufficient to guarantee semantic consistency, and
that weight estimation provides an effective complementary signal for
identifying ambiguous or unreliable clusters.

Fig. 8 presents a qualitative analysis of the filtered feature-level
outliers. The representative samples exhibit degraded visual character-
istics, including blur, occlusion, and significant appearance distortion,
which lead to unreliable identity embeddings. In contrast, samples from
valid clusters maintain consistent visual structure and produce stable
predictions in both re-identification and weight estimation tasks. This

Fig. 7. DBSCAN clustering visualization. The embeddings are projected into a
two-dimensional space using t-SNE. Black crosses denote feature-level outliers
identified during identity clustering, typically caused by image blur or extreme
body posture. Red crosses indicate clusters excluded by the weight-consistency
constraint, highlighting cases where visually similar samples can be effectively
distinguished by weight estimation.

comparison confirms that the proposed filtering mechanism effectively
removes visually unreliable samples while preserving high-quality data.

Further analysis is provided in Fig. 9, which illustrates sample
pairs extracted from clusters excluded by the weight-consistency con-
straint. Although these samples exhibit high similarity in the identity
embedding space, their predicted weights differ substantially, reveal-
ing underlying semantic inconsistency. This observation highlights the
limitation of relying solely on visual similarity and demonstrates the
importance of weight estimation as an auxiliary task for improving
clustering reliability, particularly in scenarios where individuals share
highly similar visual appearance.

After applying both identity-based clustering and weight-based fil-
tering, the mean cluster-level MAE (MMAE) is reduced to 18.80 kg,
which is significantly lower than both the sample-level MAE within
valid clusters (Valid Clusters Sample MAE = 21.65 kg) and the overall
MAE across all samples (MAE = 21.91 kg). This result demonstrates
that aggregating predictions at the cluster level after cross-task filtering
improves estimation accuracy and stability by reducing the influence of
noisy or inconsistent samples.

Although individual identities are not explicitly available during
inference, the proposed dual-task reasoning framework effectively ex-
ploits the mutual constraints between re-identification and weight esti-
mation. By leveraging cross-task consistency, the framework improves
clustering robustness and enhances prediction reliability. These re-
sults demonstrate the effectiveness and practical applicability of the
proposed framework for real-world cattle monitoring scenarios.

It is worth noting that the current implementation of the semantic
disentanglement framework is primarily based on CNN architectures,
which provide strong local feature representations and stable optimiza-
tion behavior. However, recent advances in Transformer-based models
suggest that their superior capability for modeling long-range depen-
dencies may further enhance semantic disentanglement and multi-task
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Fig. 8. Qualitative analysis of feature-level outliers filtered by DBSCAN. The first row shows representative samples corresponding to the black-cross outliers in
Fig. 7, which commonly suffer from image blur or severe posture deformation. The second row presents typical samples from valid clusters that achieve reliable

performance in both re-identification and weight estimation tasks.

Fig. 9. Visualization of sample pairs extracted from clusters excluded by the weight-consistency constraint. Although these samples exhibit high similarity in the
identity embedding space, their weight estimation results provide strong discriminative signals, demonstrating the complementary role of weight information in

visually ambiguous Re-ID scenarios.

reasoning. Extending the proposed framework to Transformer-based
architectures therefore represents a promising direction for future re-
search.

Furthermore, although the current implementation adopts a con-
servative strategy that discards clusters with inconsistent weight es-
timates, practical deployment scenarios may alternatively incorporate
intra-cluster decision mechanisms to selectively retain reliable samples,
enabling more flexible and adaptive handling of uncertain observations.

4. Conclusion

In this paper, we present a method for cattle weight estimation
and re-identification based on a dorsal-image semantic disentanglement
model. By disentangling morphological, textural, and postural features,
the proposed network extracts task-specific information for accurate
weight estimation and reliable re-identification. The integration of
multi-image fusion and information-theoretic guidance enables robust
estimation under intra-animal variations and reduces prediction er-
ror. During inference, a cross-task error-filtering clustering mechanism
effectively consolidates identity information while filtering abnormal

weight predictions, further enhancing accuracy. Experimental results
on a large-scale cattle dataset demonstrate that the proposed approach
outperforms single-task methods in both re-identification and weight
estimation metrics. Overall, this study provides a practical and scalable
solution for non-contact monitoring of individual cattle, contributing
to precision livestock management and data-driven decision-making
in beef production. As part of future work, data collection will be
extended to fully open environments, such as watering and feeding
zones, to further improve the robustness and real-world applicability
of the proposed framework.
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