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ARTICLE INFO ABSTRACT

Keywords: Accurate and efficient non-contact body measurement of dairy cattle is essential for Precision Livestock Farming
Precision livestock farming (PLF), enabling data-driven monitoring, management, and genetic improvement. Keypoint-based computer
Cow

vision methods offer a powerful approach to this task. However, two critical challenges hinder its effective
implementation: (1) Inaccurate localization of keypoints caused by weak visual features, and (2) Measurement
deviations induced by non-standard postures. To address these issues, a novel method named CowSizeNet was
proposed, which integrates keypoint detection, initial size estimation, and posture-aware correction into a
coherent process. In the first stage, the Cattle Keypoint Detection Network (CKDNet) was developed to achieve
reliable keypoint localization. Two dedicated modules introduced in this study, the Bidirectional Feature
Enhancement Module (BFEM) and the Hyper-Graph Association Enhancement Module (HGAEM), were incor-
porated to enrich visual representations and strengthen spatial associations, significantly improving the locali-
zation accuracy of visually ambiguous regions. In the second stage, stereo image disparity and camera
parameters were utilized to obtain depth information, enabling 3D projection of detected keypoints and initial
body size estimation. In the final stage, a Posture-aware Correction Graph Convolutional Network (PC-GCN) was
introduced to learn the nonlinear relationships among keypoint geometry, joint angles, and body measurement
deviations under varying postures. By regressing and compensating posture-related deviations, the model yielded
more accurate and consistent body size estimations. Experiments verified the effectiveness and feasibility of the
proposed method. For Body Length (BL), Body Height (BH), and Hip Height (HH), the Mean Absolute Percentage
Errors (MAPE) were 4.26%, 1.97%, and 2.19%, respectively, satisfying the accuracy requirements for automated
body measurement in PLF. Furthermore, the design and development of supporting terminal devices and visu-
alization platforms further enhanced the practical value of the proposed method, promoting its use in dairy farm
management.

Body measurement
Posture-aware correction
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1. Introduction

Precision Livestock Farming (PLF) enables intelligent monitoring
and regulation of both individual and herd health by collecting and
analyzing large volumes of livestock growth data. This approach facili-
tates optimized management strategies, supports data-driven decision-
making, and enhances farming efficiency, economic returns, and animal
welfare (Norton and Berckmans, 2018; Qiao et al., 2021; Xu et al., 2024;
Zhang et al., 2025; Xu et al., 2026). Body size of cattle serves as a key
indicator in herd management, reflecting growth and development
status, and is widely used in estimating body weight, assessing body
condition scores, and supporting health monitoring and precision
management. Moreover, when integrated with Genome-Wide Associa-
tion Studies (GWAS), body size data can help identify candidate genes
associated with economically important traits, advancing molecular
breeding and genetic improvement (Cominotte et al., 2020; Ruchay
et al.,, 2022; Bai et al., 2025; Huang et al., 2025a; Li et al., 2025b).
Traditional body measurement methods rely on manual contact-based
tools such as measuring tapes, which are time-consuming, labor-inten-
sive, and prone to inducing stress in cattle, rendering them inadequate
for modern large-scale farming (Deng et al., 2025; Jing et al., 2025).
Therefore, the development of accurate and efficient non-contact body
measurement is urgently needed and has attracted increasing attention.

Non-contact cattle body measurement aims to extract body size pa-
rameters using computer vision technologies without disturbing ani-
mals’ normal behavior. Given that the localization accuracy of
measurement keypoints directly affects the final measurement results,
researchers have increasingly focused on achieving rapid and precise
keypoint detection after acquiring the raw data to improve measure-
ment accuracy (Li et al., 2022b; Li et al., 2025b; Xu et al., 2025; Yang
et al., 2025). Early approaches heavily relied on manual intervention,
such as attaching markers to specific anatomical sites on the cattle or
manually selecting keypoint in the point cloud by experts, which
rendered the overall process semi-automated (Ruchay et al., 2020; Li
et al., 2022a; Yang et al., 2022). To eliminate dependence on manual
assistance, some methods attempted keypoint localization based on
morphological features (Zhang et al., 2018; Zhang et al., 2024; Hou
et al., 2025). These approaches inferred keypoint positions through
clustering, curvature estimation, or polynomial fitting; however, they
tended to be sensitive to parameter settings and lacked sufficient accu-
racy and robustness. Several studies introduced part segmentation
methods that indirectly selected measurement points by identifying
different anatomical regions, thereby improving accuracy to some
extent (Li et al., 2022b; Zhou et al., 2025). More recently, some scholars
have devoted efforts to directly and automatically localize keypoint
from data to avoid the cumbersome procedures and cumulative errors
inherent in traditional methods. Among these, some regress keypoint
directly in the 3D point cloud, though such approaches are highly
dependent on point cloud quality and require accurate pre-segmentation
of livestock point cloud from the raw data (Zhou et al., 2025). Others
integrate 2D RGB images with depth data, employing deep learning
models to detect keypoint in RGB images first and then project them into
corresponding 3D space to complete the measurement (Du et al., 2022;
Li et al., 2024; Deng et al., 2025; Yang et al., 2025; Du et al., 2026).
These methods feature streamlined and stable workflows, enabling end-
to-end body measurement with reliable and efficient performance.

Despite significant advances in non-contact cow body measurement
techniques in recent years and many milestone achievements, the
following critical issues remain unresolved:

(1) Keypoint localization errors caused by weak visual features.
Inaccurate localization of the keypoint can lead to significant
errors or even failure in cattle body measurement. However,
critical measurement points such as the shoulder, wither, and
buttock often lack distinct visual features, which constitutes a
primary challenge for reliable keypoint detection (Li et al., 2024;
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Yang et al., 2025). Du et al. (2022) improved the saliency of key
regions by applying white markings, a technique that demon-
strates clear advantages under experimental conditions. Never-
theless, its dependence on preparatory marking procedures
suggests that more automated solutions remain desirable for real-
world applications.

(2) Body measurement deviations caused by non-standard postures.
Conventional body size definitions rely on measurements ob-
tained in standard posture, with symmetrical limb positioning, a
straight back, and the head facing forward. However, in practice,
cattle images are often captured while the animals are walking,
feeding, or engaging in other movements. These conditions cause
changes in the relative positions of skeletal joints, often resulting
in the underestimation or overestimation of key body dimensions
compared to standard-posture-based measurements (demon-
strated in Fig. 7). The impact of non-standard postures on mea-
surement accuracy has been widely recognized as a significant
source of error (Hou et al., 2025; Lu et al., 2025; Zhou et al.,
2025). However, systematic investigations into this issue and the
development of effective posture correction methods remain
limited (Yin et al., 2022; Li et al., 2023; Han et al., 2025).
Consequently, it is crucial to develop methods that correct
posture-related measurement errors, ensuring more accurate and
consistent body size estimation under realistic conditions.

To address the abovementioned issues, a method named CowSizeNet
was proposed in this study, which enables accurate body measurement
of dairy cattle through keypoint detection and posture-aware correction.
In short, the initial body size was estimated based on keypoint and depth
information, and then an adjusted body size was obtained via posture-
aware correction. The primary objectives were: (1) to develop a robust
keypoint detection network (CKDNet) that integrates edge-sensitive and
high-order semantic features for accurate localization in visually
ambiguous regions, (2) to develop a learnable posture-aware correction
model (PC-GCN) that mitigates measurement deviations caused by non-
standard cattle postures; and (3) to evaluate the accuracy and robustness
of body measurement using the partitioned test set and an independent
dataset of unseen individuals, while advancing the potential application
of the method through a system prototype implementation.

The main contributions of this work were summarized as follows:

(1) A novel method, CowSizeNet, was proposed to support auto-
mated non-contact cow body measurement.

(2) Measurement errors caused by inaccurate keypoint localization
were effectively reduced by CKDNet, which integrates semantic
and boundary cues via BFEM and captures global high-order
correlations through HGAEM to enhance localization in visually
ambiguous regions.

(3) Measurement deviations arising from non-standard cattle pos-

tures were analyzed and resolved using PC-GCN, which regresses

compensation values to align multi-posture measurements with
the standard posture.

Extensive experiments and a system prototype implementation

demonstrated the model’s effectiveness, robustness, and poten-

tial value for practical PLF applications.

(4

-

2. Materials
2.1. Data acquisition

Data collection was conducted from January to June 2025 and in
April 2026 at three commercial dairy farms in Yangling District, Shaanxi
Province, China. A total of 49 lactating Holstein cows were involved,
with all animals having a parity ranging from 1 to 2. A ZED-2i stereo
camera (Stereolabs Inc.), equipped with 2.1 mm focal length lenses, was
employed for data acquisition. The camera featured a 119.73 mm
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baseline, and at a resolution of 1920 x 1080 pixels, the intrinsic pa-
rameters of the left sensor were f, = 1067.87, f,= 1067.84, c,= 969.51
and ¢, = 537.39. Operators positioned the camera 3 to 5 m from the
lateral side of the cattle at a height of 80 to 120 cm.

To capture a diverse range of postures such as standing, walking, and
feeding, multiple videos were recorded for each animal while they
moved naturally without human intervention. These recordings typi-
cally ranged from 1 to 7 clips per individual, with an average of 3 clips.
Crucially, all video data for a specific cow were captured within a single
day to ensure strict synchronization with manual ground truth mea-
surements of body size and to avoid potential deviations caused by
temporal changes such as animal growth.

The recorded “.svo” files were decoded using the official tool
ZED_SVO_Export.exe to extract synchronized left and right image pairs.
Frames were extracted at a 2-second interval to capture meaningful
postural shifts based on preliminary observations of cattle behavior, thus
reducing data redundancy. Subsequently, the dataset was further
refined by applying the Structural Similarity Index Measure (SSIM)
(Wang et al., 2004) to remove visually similar frames. After manually
removing invalid samples, such as frames without cattle, the remaining
data were used for subsequent processing.

2.2. Data construction

To support the development and evaluation of the proposed method,
two datasets were constructed: (1) a cow keypoint detection dataset for
the CKDNet (Fig. 1(a)), and (2) a measurement deviation regression
dataset for the PC-GCN (Fig. 1(b)).

For cow keypoint detection dataset, images captured by the left lens
of the camera were used. Right-view images (i.e., those captured by the
right lens) were not used in this stage, as they offered redundant infor-
mation for the 2D detection task due to their high similarity to the left-
view images. Specifically, the small baseline (119.73 mm) relative to the
shooting distance (3-5 m) results in a horizontal disparity of only
approximately 1.5% of the image width. Furthermore, as the sensors are
hardware-synchronized, the cow’s posture remains virtually identical in
both views; consequently, including right-view images would signifi-
cantly increase manual annotation and computational overhead without
providing meaningful perspective diversity. Moreover, considering that
the data collection took place in semi-open and open-air farming envi-
ronments, characterized by complex backgrounds and variable lighting,
additional data from (Sheng et al., 2025) were incorporated to supple-
ment indoor scenes, which feature simpler backgrounds but lower-light
conditions, thereby enhancing overall environmental diversity. Under
the guidance of animal science experts (two professors specializing in
animal anatomy and livestock phenotyping) and based on bovine
anatomical structures, all images were manually annotated using
Labelme software. Specifically, each cow was labeled with 21 anatom-
ical keypoints and one bounding box. The keypoint definitions and their
skeleton structure are illustrated in Fig. 1(a). The 21 keypoints
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correspond to the: (1) nose, (2) head, (3) neck, (4) wither, (5) back, (6)
buttock, (7) ischium, (8) left shoulder, (9) right shoulder, (10) left
elbow, (11) right elbow, (12) left wrist, (13) right wrist, (14) left front
hoof, (15) right front hoof, (16) left stifle, (17) right stifle, (18) left hock,
(19) right hock, (20) left rear hoof, and (21) right rear hoof. These
keypoints were subsequently used to compute the initial body size when
combined with depth information, and also served as input to the PC-
GCN model to estimate compensation values, thereby obtaining the
adjusted body size.

For the measurement deviation regression dataset, the data structure
is illustrated in Fig. 1(b) and consists of five components: File Name,
Initial Body_Size, Ground_Truth, Keypoint Location, and Joint Angle. The
File Name serves to identify each data entry and link it to the corre-
sponding image. The Initial Body Size refers to body measurement pa-
rameters obtained by projecting keypoints into real 3D space, typically
collected when the cattle are in non-standard postures. The Ground -
Truth represents the actual body measurements acquired through
manual measurement while the cattle are in a standard posture. To
ensure the reliability of the Ground Truth values, all manual measure-
ments were conducted by two experienced technicians (farm technical
staff with over two years of practical experience in body measurement)
using a calibrated measuring stick. During measurement, each cow was
gently restrained in a headlock system, and its limbs were positioned
symmetrically to maintain a standard upright posture. These procedures
effectively minimized animal movement and operator-induced vari-
ability, thereby ensuring the accuracy and consistency of the manual
reference measurements. The Keypoint Location corresponds to the
normalized 2D coordinates of 21 keypoints within the bounding box. All
data are stored in a.csv file, where each row represents a complete data
record. For each data instance, the Keypoint Location serves as the input
to the model, while the difference between the Ground Truth and Ini-
tial Body Size is used as the target output for the regression model,
representing the measurement deviations caused by non-standard
postures.

The data were categorized into an internal dataset involving 39
Holstein cows from the 2025 sessions and an external test set featuring
10 additional cows from the April 2026 session. The internal dataset was
random partitioned into training, validation, and test sets at a ratio of
7:2:1. Specifically, the keypoint detection dataset comprised 3414 in-
ternal images, with 2390 used for training, 682 for validation, and 342
for testing. The measurement deviation regression dataset included
1398 samples, which were split into 978 for training, 280 for validation,
and 140 for testing. Furthermore, the external test set consisting of 400
images and corresponding manual measurements from 10 cows was
utilized to further evaluate the model's generalization to unseen
animals.

3. Methods

In this study, a novel method for dairy cattle body measurement was

(b) > File_Name: Used for correspondence with images

>Initial_Body_Size: Obtained by combining key points and depth information
> Gound _Truth: Obtained through manual measurement under standard posture
> Keypoint_Location: Normalized coordinates of each keypoint in the target box

Ay ey e Ay A

Measurement Deviations (A) = Gound _Truth - Initial_Body_Size
Adjusted_Body_Size = Initial_Body_Size + Predict Deviations

Fig. 1. Organizational form of data. (a) keypoint annotation protocol; (b) organizational structure of the measurement deviation regression dataset.
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proposed. As illustrated in Fig. 2, the method consists of three primary
components: keypoint detection, initial body size estimation, and
posture-aware correction.

In the first stage, images captured by the left lens of a ZED stereo
camera were processed using the proposed keypoint detection model
CKDNet. This model automatically identifies the bounding box of each
cow and localizes 21 anatomical keypoints, which are used in the sub-
sequent two stages.

In the second stage, disparity between the left and right views was
estimated using the DEFOM-Stereo (Jiang et al., 2025). Combined with
the camera’s intrinsic parameters, the depth map of the left view was
obtained, allowing projection of each visible keypoint into the world
coordinate system. RANdom SAmple Consensus (RANSAC) (Fischler and
Bolles, 1981) was then employed to fit the ground plane. Initial body
measurements were calculated as Euclidean distances either between
pairs of keypoints or between keypoints and the ground plane.

In the third stage, the previously detected keypoints were used to
compute normalized coordinates relative to the bounding box, along
with a set of joint angle features. These features were fed into the pro-
posed PC-GCN model, which regresses the deviations in body size caused
by non-standard postures. By correcting the initial measurements with
these predicted deviations, a final adjusted body size was obtained,
yielding more accurate results.

3.1. Keypoint detection

DEtection TRansformer (DETR) and its variants have attracted
increasing attention from the research community due to their prom-
ising performance and end-to-end operation paradigm (Carion et al.,
2020; Zhao et al., 2024; Huang et al., 2025b). Recent studies have
explored the adoption of DETR’s encoder-decoder architecture for
keypoint detection tasks, demonstrating superior performance in terms
of localization accuracy and robustness (Shi et al., 2022; Yang et al.,
2023b; Dai and Ling, 2025; Yang et al., 2025). Compared with con-
ventional top-down approaches, the single-stage method eliminates in-
termediate steps, thereby enabling a more streamlined and efficient
detection pipeline.

In light of these advantages, a single-stage model tailored for cattle
keypoint detection was proposed. As depicted in Fig. 3, the model
comprises three major components: a backbone, an efficient encoder,
and a transformer decoder. The backbone employed ResNet-50 (He
et al., 2016) as the feature extractor to capture the initial visual fea-
tures of the input image. The efficient encoder was designed to further
refine the multi-scale feature maps extracted from the backbone, with its
carefully designed DFEM and HGAEM modules aimed at enhancing the
representation of visual cues and the modeling of semantic relation-
ships. The transformer decoder was based on the design of ED-Pose
(Yang et al., 2023b) and was responsible for predicting the cattle
bounding box locations and keypoint coordinates.

Specifically, an input image I € R™*W*3 was processed by the
backbone to generate a pyramid of multi-scale feature maps. The feature
maps from the last three stages {Cs,C4,Cs} were selected, and 1 x 1
convolutions were applied to unify their channel dimensions. This
process yielded the input set for the efficient encoder, denoted as

H W H W )
{P3,P4,Ps}, where P; e R*W*Cp, ¢ R2°27C Py ¢ R4*4*C. In this

Stereo image acquisition Keypoint detection
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work, the spatial and channel dimensions were set as H = 92,W =
164,C = 256, respectively. Within the efficient encoder, the features
were refined through a hybrid path-aggregation structure. In addition to
the BFEM and HGAEM modules (detailed in subsequent sections), the
“Up Sampling” operation utilized Nearest-Neighbor Interpolation with
scale of 2, while the “Conv” operation was executed via 3 x 3 convo-
lutions with a stride of 2. Feature fusion was achieved by concatenating
maps along the channel dimension followed by a RepC3 block. This
architecture ensured that the final output features {F;, F,,F;} preserve
the original spatial resolutions of {P3, P4, P5}, respectively. Finally, the
refined output features {Fy, F,, F;} were flattened and concatenated to
form the visual feature sequence V. Following the ED-Pose (Yang et al.,
2023b) architecture, a set of object queries Q was employed to extract
target-related features from Vp. Instance queries undergone query
expansion into collaborative groups to capture both global and local
features. Bounding boxes and keypoints were then jointly regressed via
Feed-Forward Networks (FFNs) from these expanded embeddings,
ensuring inherent spatial consistency and alignment between the two
tasks.

3.1.1. Bidirectional feature enhancement module

In the task of cattle keypoint detection, certain keypoint regions such
as the shoulder, back, and rump exhibit relatively weak visual features,
making accurate localization challenging. To enhance the localization
precision, the BFEM was proposed, which focused on optimizing the
shallow feature map P3 with high spatial resolution. The structure of
BFEM was illustrated in Fig. 4(a).

BFEM consists of two independent branches, each designed to
generate a Semantic Focus Attention Map (SFAM) and a Boundary
Guidance Attention Map (BGAM), respectively, thereby enhancing the P
3 feature map by modulating it from both semantic and boundary per-
spectives. Specifically, the first branch leverages the rich contextual and
semantic information embedded in deeper features (i.e., P5) to guide an
attention that focuses on regions more likely to contain keypoints. This
process involves a convolution with a 1 x 1 kernel to integrate cross-
channel information, followed by an up-sampling operation to match
the spatial resolution of P3. A sigmoid activation then generated the
SFAM, providing preliminary semantic localization cues for keypoints.
This procedure could be formalized using Eq. (1):

SFAM = 6(U(Conv(Ps))) @

where, Conv(-) denotes the 1 x 1 convolutional operation followed by
Batch Normalization and ReLU activation, maintaining the channel
dimension (C = 256), U(-) represents the up-sampling operation
executed via corner-aligned bilinear interpolation to specific spatial
dimensions (H x W), and o(-) refers to the Sigmoid function.

The second branch focused on enhancing the role of boundary in-
formation in keypoint localization. Compared to deeper features where
edge details tend to be lost, shallow features are better at preserving
image structure and fine details. Therefore, this branch utilized P3 as
input and employed the proposed Laplacian Pyramid Filtering (LPF) to
explicitly extract edge-aware structural information, thereby enhancing
the boundary awareness in the vicinity of keypoints. The resulting fea-
tures were then passed through a Sigmoid function to generate the
BGAM, which refines the boundary-relevant response regions in P 3,

Initial size estimation Posture-aware correction
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Fig. 2. Overview of the CowSizeNet pipeline.
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ultimately improving the accuracy of keypoint localization. The above
process can formalized as Eq. (2):

BGAM = (T(prF(Pg)) (2)

where, fipr(-) denotes LPF operation, which was detailed in Fig. 4(b).
This module efficiently extracted multi-scale boundary features by
implementing a 3-level cascaded structure. Specifically, at each level,
the input first undergone 2 x 2 average pooling. This downsampled
feature map served as the input for the subsequent cascade level, while
concurrently undergoing bilinear interpolation. The interpolated map
was then subtracted from the original input to compute the Laplacian
residual, which was subsequently processed by a learnable 3 x 3 con-
volutional block (padding = 1). All feature maps were then up-sampled
to a uniform spatial resolution, concatenated along the channel
dimension, and passed through a learnable 1 x 1 convolution to fuse the
multi-scale features and adjust the channel dimensionality to match that
of P 5. Formally, the LPF can be expressed as Eq.(3):

prF(Pg) = COnV(COnCat[Jl (Pg), U(Jg (Pg)), U(Jg (Pg))]) (3)

where, Concat|-, -] refers to channel-wise concatenation, -7;(-) denotes
the output of the i-th level Laplacian filter.

Finally, the generated SFAM and BGAM are respectively applied to
weight the shallow feature map P 3 via element-wise multiplication. The
two enhanced results are concatenated with the original P 3 along the
channel dimension and integrated through a 1 x 1 convolution to pro-
duce the final enhanced feature map, which is then fed into subsequent
modules. This fusion process was expressed as Eq. (4):

F3 = Conv(Concat[(SFAM ® P3), (BGAM ® P3), P3]) 4)

where, ® denotes element-wise multiplication, and Conv(-) represents a
1 x 1 convolutional operation that reduces the concatenated channel
dimension from 3C back to C, matching the original channels of Ps.

3.1.2. Hyper-graph association enhance module
Accurate localization of cattle keypoints typically requires compre-
hensive reasoning based on prior knowledge and semantic cues, such as

global posture and anatomical structure. Humans, benefiting from such
prior knowledge of animal morphology, can accurately infer keypoint
locations even under challenging conditions like self-occlusion (Chen
et al., 2024). However, most existing models are built upon convolu-
tional neural architecture or self-attention mechanism, which focus on
local features or pairwise correlations, thus falling short in capturing
complex, global, high-order semantic relationships. Recent studies have
demonstrated that hypergraphs offer unique advantages in modeling
high-order correlations among multiple semantic components (Feng
et al., 2025; Fixelle, 2025; Wang et al., 2025). Unlike traditional graph,
where each edge connects only two nodes, a hypergraph allows each
hyperedge to connect multiple nodes simultaneously, thereby enabling
more flexible representation of complex semantic associations across
spatial regions. Motivated by this, HGAEM was proposed to efficiently
capture high-order semantic interactions across the entire feature.

The overall architecture of HGAEM was illustrated in Fig. 5(a). This
input feature, denoted as X;,, was first processed by two parallel 1 x 1
convolutional layers to generate Xepnance and Xjgerq. Among them,
Xenhance Was used for hyper-graph computation. The resulting feature was
then connected with Xju.q followed by a 1 x 1 convolutional layer to
produce the final output. The above process can be formally expressed as
Egs. (5) and (6):

Xenhance = Conv(Xin)Xlateral = COTlV(Xm) (5)
Xout = Conv(concat[fHC(Xenhance);Xlateral]) (6)

where,fyc(-) denotes the hypergraph computation process, which con-
sists of two stages: hyper-edge generation and hyper-graph convolution.

In this study, hypergraph G={V, E} was constructed to capture and
model high-order semantic dependencies among different spatial re-
gions within the image. The hypergraph consists of N vertices (V) and M
hyper-edges (E), where each hyper-edge was connected to all vertices
with continuously differentiable connection strengths. Accordingly, the
connectivity of the hypergraph is represented by a matrix .7 € [0, 1]V,
where, A;;j denotes the association degree between the i-th vertex and
the j-th hyper-edge.
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Fig. 5. Structure of Hyper-Graph Association Enhancement Module.

During the hyper-edge generation stage, hyper-edges were dynami-

cally constructed based on X.pance- As shown in Fig. 5(b), X,
RHXWXC

enhance €
was first flattened into a set of vertices Xyer = {Xver; s Xverys ---
Xyery } € RN*C, where each spatial location in the feature map is regarded
as a vertex and N = H « W. On the right branch, MaxPooling and Avg-
Pooling operations were applied to extract global features, which are
then concatenated and passed through a projection to generate dynamic
offsets. These offsets were added to a set of learnable global prototypes,
forming the final M hyper-edge prototypes. On the left branch, vertex
features were projected to obtain query vectors, which were then
compared with the M hyperedge prototypes to compute similarity
scores. These scores indicate the association degree to which each vertex
participates in each hyper-edge, thereby constructing the matrix A.

During the hyper-graph convolution stage, information is aggregated
across hyperedges to update vertex features based on high-order in-
teractions. As shown in Fig. 5(c), each hyper-edge aggregated contri-
butions from all vertices, weighted by their association degrees, and
these undergo a linear projection to generate a representation for each
hyper-edge. This representation was then disseminated back to the
vertices, enhancing their semantic expressiveness and enabling cross-
region information fusion and feature refinement. This process can be
formally described by Egs. (7) and (8).

DEFOM-
Stereo

Right image

Disparity map

N
fi= G(We Z=9/ijxi> @
i1

M
il_(f(szyuf;) (8)
=1

where, W, and W, denote the hyperedge and vertex projection weights,
respectively.

3.2. Initial body size estimation

The detailed workflow of this stage was illustrated in Fig. 6. To
obtain depth information, the DEFOM-Stereo method was employed to
estimate the disparity between the left and right images (Jiang et al.,
2025). As one of the most accurate stereo matching models currently
available, this neural network-based approach is more robust and pre-
cise than traditional stereo matching methods, and its effectiveness in
livestock body measurement tasks has been demonstrated in our pre-
vious work (Deng et al., 2025). Based on the intrinsic parameters of the
stereo camera, the computed disparity map was converted into a cor-
responding depth map, where the depth of each pixel was calculated as
Eq. (9)

Ground %lane
acquxsn

3D projection

Initial body size

Fig. 6. Schematic diagram of initial body size estimation.
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where, D;; denotes the disparity value at a given pixel, B is the baseline
distance between the two cameras, f is the focal length of the camera,
and Z represents the obtained depth map.

The RGB-D image was transformed from the pixel coordinate system
to the 3D camera coordinate system using the camera’s intrinsic pa-
rameters. The ground plane was extracted using the RANSAC (Fischler
and Bolles, 1981) method, and initial body size parameters were
computed based on the Euclidean distances between keypoints and be-
tween keypoints and the ground plane. Specifically, Body Length (BL)
was obtained as the distance from the ischium (Point 7) to either the left
shoulder (Point 8) or right shoulder (Point 9); Body Height (BH) was
defined as the vertical distance from the withers (Point 4) to the ground
plane; and Hip Height (HH) was defined as the distance from the buttock
(Point 6) to the ground plane.

3.3. Posture-aware correction

As shown in Fig. 7, the body size parameters of dairy cattle are partly
affected by posture variations under unconstrained conditions. For
example, when a cow is walking, the limb movement can cause
observable fluctuations in the measurement of body length BL;;.,. When
a cow lowers its head to feed, the measured body height BHp,, is typi-
cally lower compared with the standing posture. In traditional manual
measurement, operators use professional equipment to fix the cow’s
head and align the four legs in parallel, so as to minimize the influence of
posture differences. However, such physical constraint is nearly infea-
sible for non-contact automated measurement methods.

To address the above challenge, PC-GCN was proposed to compen-
sate for the deviations in body size estimation caused by posture vari-
ations. As shown in Fig. 7, the normalized coordinates of 21 keypoints,
together with the key joint angles calculated from their positions, were
utilized to represent the overall posture of the cow. In the node-skeleton
feature branch, each keypoint was regarded as a node in the graph
structure, with its coordinates used as node features. These features were
aggregated through three layers of graph convolution along the skeletal
adjacency structure to capture spatial dependencies among keypoints,
and a global pooling layer was applied to obtain the skeletal feature
vector Fg,. In the joint-angle feature branch, the key joint angles were
encoded by a multilayer perceptron to produce the angle feature vector
Fang. Finally, the two feature vectors were fused and fed into a linear
regression module to predict deviations in body length, body height, and
hip height, thereby enabling automatic correction of body measurement
deviations under non-standard postures.

In this study, ten joint angles were selected as global posture de-
scriptors, including the left and right fore-wrist (Points 10-12-14 and
11-13-15 in Fig. 1 (a), respectively), fore-elbow (Points 8-10-12 and
9-11-13), hind-hock (Points 16-18-20 and 17-19-21), and hind-knee
angles (Points 6-16-18 and 6-17-19), as well as the neck-shoulder
(Points 3-4-5) and back angles (Points 4-5-6). Each angle was defined
by three keypoints and computed from their two-dimensional co-
ordinates, as formulated in Eq. (10).

(a—b)-(c—b)

0 = arccos ———————
lla—bll-lc —b||

(10)

where, a, b, and c represent the 2D coordinates of the corresponding
keypoints, with b acting as the joint center. To ensure that the calculated
angles are consistent with the cow’s head orientation and the actual
direction of joint opening, a correction strategy was introduced. Spe-
cifically, the head orientation (left or right) was determined according to
the relative horizontal positions of the wither (Point 4) and the buttock
(Point 6). If the calculated joint opening direction was inconsistent with
the expected one, the complementary angle was adopted as the final
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value. The above process can be described as Egs. (11)-(13).
H = sgn(xs —x4) an

CP = Wy, — Uy 12)

0 ,H-CP <0
0= {360"70 ,H-CP >0 as)
where, x4 and xg denote the horizontal coordinates of the wither and the
buttock, respectively; sgn(-) is the sign function; uy, uy, and vy, vy
represent the 2D components of the vectorsu =a—bandv = c—b; His
the head orientation indicator; and CP is the 2D cross-product.

3.4. Evaluation metric

The accuracy of body measurement in dairy cattle is closely related
to the detection precision of both the target box and the keypoints. To
evaluate the performance of the proposed CKDNet model, the Average
Precision of detection boxes APy, and Average Precision of keypoints
APy, were adopted as evaluation metrics, following the COCO standard.
In the calculation of APy, the Intersection over Union (IoU) was used as
a quantitative measure to evaluate the overlap degree between the
predicted and ground-truth boxes. In the calculation of APy, the Object
Keypoint Similarity (OKS) was adopted to represent the closeness be-
tween the predicted and true keypoints. The IoU and OKS metrics used
in this study are defined as formulated in Egs. (14)-(15).

__ Area(B, NBy)

IOU = ———==
Area(B, U By)

14)

K A2 2 2\,
OKS:Zk:lexp( di/25%0¢)-0k (15)

lele Bk

where, B, and B, represent the predicted and ground-truth bounding
boxes, and Area(-) denotes the area of the corresponding region. K is the
total number of keypoints, dy is the Euclidean distance between the k-th
predicted keypoint and its ground-truth counterpart, s indicates the
object scale, ¢ is a constant, and & denotes the visibility flag of the
keypoint.

To evaluate the performance of the proposed cattle body measure-
ment method, CowSizeNet, the manually measured body size parame-
ters were used as the gold standard. Three quantitative metrics were
employed, including Mean Absolute Error (MAE), Mean Squared Devi-
ation (MSD), and Mean Absolute Percentage Error (MAPE). MAE and
MAPE were used to assess the deviation between the estimated and
reference values, whereas MSD quantified the overall variability of the
measurement errors. Lower values of these metrics indicate superior
measurement performance.

3.5. Experimental environment and implementation details

The experiments in this study were conducted on the Windows 11
operating system. The hardware configuration included a 12th Gen Intel
(R) Core(TM) i5-12600KF CPU (10 cores, 16 threads, base frequency
3.69 GHz), a 24 GB NVIDIA GeForce RTX 3090 GPU, 128 GB of RAM,
and an 8 TB hard drive. Python 3.8 served as the programming language,
while PyTorch 2.1 was utilized as the deep learning framework, with
CUDA 11.8 providing the acceleration environment. PyCharm was
employed as the programming platform. All comparison algorithms
were executed under the same environment (see Fig. 8).

During the training of CKDNet, the learning rate was set to 0.01, the
batch size to 4, and the number of training epochs to 100. The Stochastic
Gradient Descent (SGD) optimizer was employed, with a weight decay of
5 x 10-* and a momentum factor of 0.9. For PC-GCN, the learning rate
was set to 1 x 10>, the batch size to 32, and the training was conducted
for 1000 epochs. The Adam optimizer was used, with a weight decay of
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1 x 104

Table 1

Comparison with different keypoint detection models.
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Fig. 8. Structure of PC-GCN.

4. Results and analysis
4.1. Performance of the CKDNet
4.1.1. Comparison experiments of different keypoint detection models

To comprehensively evaluate the performance of the proposed
CKDNet, it was compared against several state-of-the-art models. All

Method Backbone Params (M) Internal test set External test set
APpox (%) APy, (%) APpox (%) APy, (%)

HRNet HRNet-w32 25.9 + 28.5 91.12 - 89.47
HRFormer HRFormer-s 25.9 +43.2 93.21 — 91.70
ViTPose ViT-Base 25.9 + 89.9 - 93.06 - 91.15
RTMPose CSPNeXt 25.9 + 34.05 92.65 - 91.75
DEKR HRNet-w32 31.5 90.72 - 88.64
RTMO CSPDarknet 44.8 - 93.09 - 92.04
EDPose ResNet-50 50.6 98.56 94.17 97.81 93.09
Ours (CKDNet) ResNet-50 43.16 98.65.0.07 95.10,0.13 98.36.0.10 94.38,0.17
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models, including our CKDNet and the selected competitors, were
trained on the training set and subsequently tested on both the internal
test set and the independent external test set. The competing models
included HRNet (Sun et al., 2019), HRFormer (Yuan et al., 2021), ViT-
Pose (Xu et al., 2022), DEKR (Geng et al., 2021), RTMPose (Jiang et al.,
2023), RTMO (Lu et al., 2024), and EDPose (Yang et al., 2023b). The
comparison results were shown in Table 1. It should be noted that the
top-down methods require an additional object detection stage before
performing keypoint localization. Therefore, YOLOv8m (Params: 25.9
M) was first employed to detect the cattle bounding boxes, and the
detection results were then used as inputs for evaluating their keypoint
detection accuracy.

Performance metrics for the proposed CKDNet were reported as
Mean =+ SD over three independent runs with different random seeds.
On the internal test set, the proposed CKDNet model achieved the
highest APy, and APy, of 98.65.0,07% and 95.10.0.13%, respectively.
Furthermore, it maintained its superior performance on the external test
set with an APy, of 98.36.0.10% and an APy, of 94.38.¢.17%, demon-
strating stable generalization to new animals with only slight perfor-
mance degradation. The high-accuracy keypoint localization establishes
a robust basis for subsequent initial body measurement and posture
deviation regression. In comparison with top-down methods, such as
HRNet and HRFormer, the proposed CKDNet eliminated the need for an
additional object detection stage, thereby simplifying the overall pipe-
line and reducing cumulative errors and computational overhead.
Furthermore, compared with representative bottom-up and one-stage
frameworks including DEKR and EDPose, the proposed CKDNet main-
tains superior keypoint localization accuracy on both test sets while
exhibiting strong competitiveness in model compactness and parameter
efficiency.

4.1.2. Ablation experiment on the CKDNet

The ablation experiments were carefully designed to emphasize the
contribution of each component to the performance enhancement of the
CKDNet model. A baseline model without the BFEM and HGAEM
modules was established, and the influence of adding BFEM, HGAEM,
and their combination on model performance was comprehensively
evaluated. The results of the ablation experiment were shown in Table 2.

4.1.2.1. Impact of BFEM. A comparison between the Baseline and
Variant-1 (w/o and w/ BFEM) reveals that BFEM improved APy, and
APy, by 0.35% and 0.74% on the internal test set, and by 0.26% and
0.99% on the external test set. This result demonstrates its effectiveness
in enhancing keypoint detection performance. This conclusion could
also be further verified by comparing Variant-2 and the proposed model.

Fig. 9 illustrates a visualization of BFEM’s working mechanism.
Column 2 and Column 5 display the feature maps of the input image
before and after BFEM, respectively. Column 3 and Column 4 show the
SFAM and BGAM. In these visualizations, red regions indicate areas of
high attention, whereas blue regions indicate lower response. It can be
observed that, SFAM exhibited high response mainly over the cow’s
main body, highlighting its role in focusing on semantically relevant
regions. In contrast, BGAM concentrated on areas with contours or
boundary changes, enhancing the model’s sensitivity to edge and detail
information. The combined effect of the two modules strengthens
feature representation in the cow region, enabling accurate keypoint

Table 2
Contribution of different improvements.
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localization even in areas with weak visual cues.

4.1.2.2. Impact of HGAEM. A comparison between the Baseline and
Variant-2 (w/o0 and w/ HGAEM) reveals that the introduction of HGAEM
improved APy,, and APy, by 0.24% and 1.65% on the internal test set,
and by 0.35% and 1.50% on the external test set. This improvement
indicates that the module effectively enhances the model's perception
ability and structural understanding. Although the model's parameter
count slightly increased, the task primarily involves single-image anal-
ysis rather than real-time video processing. Therefore, the additional
computation has limited impact on system efficiency and user experi-
ence, while the resulting accuracy improvement has practical signifi-
cance. The performance gains brought by HGAEM are also reflected in
the comparison between Variant-1 and the proposed model, further
validating the effectiveness and necessity of the HGAEM module.

To further confirm that the observed performance improvement
originates from HGAEM’s ability to model high-order visual correla-
tions, representative hyperedges generated by the module were visual-
ized, as shown in Fig. 10. It can be observed that, different hyperedges
focus on distinct semantic regions. For instance, Hyperedge 1 mainly
attends to the cow’s legs and head, Hyperedge 2 primarily highlights the
hooves and neck, and Hyperedge 3 responds more to background in-
formation. These visualizations demonstrate that HGAEM effectively
captures potential high-order semantic correlations in images, enabling
the model to learn many-to-many relationships rather than only low-
order pairwise correlations, thereby improving both the accuracy and
robustness of keypoint detection.

4.2. Result of bodysize measurements

To evaluate the measurement accuracy of the proposed method,
manually measured body sizes were used as ground truth. The results
are summarized in Table 3. On the internal test set (140 samples), the
proposed method achieved MAEs of 6.05 cm, 2.71 cm, and 2.95 cm for
BL, BH, and HH, respectively. The corresponding MAPEs were 4.26%,
1.97%, and 2.19%, while the MSDs were 61.28 cm?, 12.34 cm?, and
13.94 cm?, respectively. Furthermore, when evaluated on the indepen-
dent external test set (400 samples) comprising unseen individuals, the
model maintained reliable performance, yielding MAEs of 7.87 cm, 4.81
cm, and 5.25 cm for BL, BH, and HH, respectively. The corresponding
MAPESs were 5.47%, 3.59%, and 3.89%, while the MSDs were 102.38
cmZ, 33.87 cmz, and 41.74 cmz, respectively. These results demon-
strated that the proposed method achieves high measurement accuracy,
with the maximum MAPE below 10%, meeting the precision re-
quirements for automated body measurement in precision livestock
farming.

Further examination of Table 3 reveals that the measurement accu-
racy was improved after applying the PC-GCN to the initial estimates.
On the internal test set, compared with the initial body size (w/o PC-
GCN), the adjusted results (w/ PC-GCN) showed decreases in MAE by
0.47 c¢m, 0.06 cm, and 0.10 cm for BL, BH, and HH, respectively. Similar
improvements were consistently observed on the external test set, where
the MAE decreased by 0.49 cm, 0.08 cm, and 0.24 cm for BL, BH, and
HH, respectively. Furthermore, statistical analysis confirmed the reli-
ability of these improvements. All paired comparisons yielded statisti-
cally significant differences (P < 0.05). These statistical metrics confirm

Model BFEM HGAEM Params (M) Internal test set External test set

APpox (%) APy, (%) APpox (%) APy, (%)
Baseline X X 38.27 98.07 92.89 97.72 91.84
Variant-1 \/ X 42.08 98.42 93.63 97.98 92.83
Variant-2 X \/ 39.55 98.31 94.54 98.07 93.34
Ours v v 43.16 98.72 95.23 98.46 94.55
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Fig. 9. Visualization of BFEM with feature maps and attention maps.

Hyperedge 1 Hyperedge 2

Hyperedge 3 Detection Result

Fig. 10. Visualization of hyperedges in HGAEM.

Table 3
Measurement results of cow body size.

Dataset Traits Initial Body Size (w/0 PC-GCN) Adjusted body size (w/ PC-GCN) Cohen's d P-value
MAE (cm) MAPE (%) MSD (cmz) MAE (cm) MAPE (%) MSD (cm?)
Internal test set BL 6.52 4.58 66.2011 6.05 4.26 61.2781 0.0709 0.0015*
BH 2.77 2.12 13.3292 2.71 1.97 12.3363 0.0335 0.0325*
HH 3.05 2.27 14.6943 2.95 2.19 13.9441 0.0616 0.0102*
External test set BL 8.36 5.80 107.40 7.87 5.47 102.38 0.0776 0.0143*
BH 4.89 3.64 36.64 4.81 3.59 33.87 0.0234 0.0387*
HH 5.49 4.06 44.95 5.25 3.89 41.74 0.0619 0.0461*

* indicates statistical significance at P < 0.05.

that the performance gains provided by the PC-GCN module were sys-
tematic rather than random. Collectively, these results indicate that PC-
GCN effectively mitigates the influence of posture variation on body size
estimation.

To further demonstrate the correction capability of PC-GCN, 20
image samples of the same cow were randomly selected for visual
analysis of body measurement deviations. As shown in Fig. 11, the re-
sults of each measurement exhibited certain fluctuations, which can be
partly attributed to posture variations. After the correction by PC-GCN,
the measurement errors caused by non-standard postures were partially
suppressed. The fluctuations in BL, BH, and HH were slightly reduced,
improving the overall stability and consistency of the measurements.

It should be noted that errors in manual measurement and 3D

10

imaging are inevitable, leading to a certain level of inherent noise in the
ground-truth data. This inherent noise fundamentally restricts the
theoretical ceiling for error reduction, which explains why the calcu-
lated effect sizes are numerically small and why the model may occa-
sionally amplify prediction errors for individual samples. Nevertheless,
the overall results demonstrate that PC-GCN plays a role in mitigating
the influence of posture variation and enhancing the stability of body
size estimation.

5. Prototype system implementation

To further facilitate the practical application of the proposed model,
a supporting data acquisition terminal device, database system, and



X. Xu et al.

Computers and Electronics in Agriculture 251 (2026) 112047

Initial BL

3

% 1

*m

Initial BH
Initial HH
Adjusted BL

3

*x%pen

Adjusted BH|...._|
Adjusted HH|

>

wt

°
2
[ ——
*m
»

L g
b4l b

Bt .

| |

Measurement Deviations (cm)
»

*p

ot

Fig. 11. Visualization of the PC-GCN performance in mitigating posture effects.

information management platform were developed. The model was
deployed on a terminal device, as shown in Fig. 12 (a). The device design
was inspired by previous work (Xu et al., 2024). During operation, it can
be either carried by farmers (Fig. 12(a-1)) or mounted on a tripod
(Fig. 12 (a-2)). The system comprises a Nvidia Jetson AGX Orin, a stereo
camera, a power supply, a touchscreen display, and several auxiliary
modules. Users can conveniently perform non-contact body measure-
ments through the graphical user interface. For a single-instance test, the
2D keypoint localization (CKDNet) required 1.85 s, the initial body
measurement process including depth estimation (DEFOM-Stereo) took
7.47 s, and the posture-adjusted refinement (PC-GCN) required only
0.0002 s. Including data I/0 and storage, the total end-to-end processing
time was controlled within 10 s per cow.

The acquired body size data are automatically transmitted to a
MySQL database (as shown in Fig. 12 (c)) and visualized through a self-
developed cattle information management platform (as shown in Fig. 12
(b)). The platform was built on a Browser-Server (B/S) architecture,
with a Java-based backend integrating the Spring Boot and MyBatis-Plus
frameworks, and a JavaScript-based frontend developed with Vue 2.0
and ECharts for dynamic interaction and visualization. The platform
supports not only the query of historical body size records for individual
cattle, but also statistical and analytical functions for herd-level status.
Through this intuitive and comprehensive digital management
approach, farmers can monitor herd dynamics in real time and make
informed decisions, thereby improving the efficiency and intelligence of
farm management. Further details on the system's implementation,
including its workflow, current limitations, user feedback, and plans for
subsequent updates, are documented and will be continuously updated
at the project repository: https://github.com/XingshiXu/Cow_Inf Platf
orm.

6. Discussion
6.1. Discussion with similar research

In recent years, accurately localizing the keypoints used for non-
contact body measurement has remained a major research focus in
this field (Xu et al., 2026). Early measurements primarily relied on
manually selecting keypoints within 3D point clouds (Salau et al., 2017;
Le Cozler et al., 2019). Although these methods eliminate the need for
large-scale annotated (Yang et al., 2023a). While intuitive and capable
of providing high baseline accuracy, this approach is labor-intensive and
difficult to automate. Subsequently, several studies proposed localiza-
tion methods based on 3D morphological features (such as curvature
analysis, clustering, or polynomial fitting) data, their stability and
robustness are often difficult to guarantee. More recently, many studies
have tended to utilize deep learning to acquire measurement points
directly through point cloud segmentation or regression (Hou et al.,
2025; Zhou et al., 2025). While these methods have been proven to
achieve excellent performance, they typically impose high demands on
the quality of the acquired point cloud data because they ignore the rich
texture and high-level semantic information available in 2D RGB im-
ages. In contrast, similar to the works of Li et al. (2024) and Yang et al.
(2025), the proposed method adopts a fusion strategy combining RGB
images with depth data. This approach fully leverages the superior se-
mantic feature extraction capabilities of deep learning models on RGB
images, subsequently mapping the detected keypoints precisely into the
corresponding 3D space. This method significantly improves the
robustness of the system while ensuring measurement accuracy.

Beyond keypoint localization, a few notable studies have addressed
body measurement deviations in cattle caused by non-standard postures
during free walking. Luo et al. (2023) employed a statistical shape model
to standardize livestock poses, which effectively reduced measurement
inconsistencies arising from posture variations. However, the model
fitting process required approximately 20 min per sample, making real-
time or near real-time detection infeasible. Li et al. (2023) proposed a

Fig. 12. Practical application. (a) Body measurement device; (b) Information management platform; (c) Information database.
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posture-based measurement adjustment method that refined body size
estimation by extracting twelve micro-posture features from 3D point
cloud data. This approach demonstrated the feasibility of mitigating
measurement deviations through posture-related features. Nevertheless,
its reliance on high-precision point clouds and complex data processing
procedures limits its applicability in practice. Similar to these efforts,
our work also addresses the influence of posture variation on body size
estimation in freely walking cattle. Unlike previous approaches, the
proposed method avoids the need for multi-camera systems and
hyperparameter-sensitive algorithms. The method provides accurate,
efficient, and streamlined measurements, supporting the advancement
of non-contact body size estimation toward automation and practical
deployment.

6.2. Robustness evaluation under environmental degradation

Considering that the complex and volatile conditions of farms may
interfere with the keypoint detection precision of CKDNet, the external
test set was utilized to simulate three typical environmental degrada-
tions, including rainfall, fog, and low-light conditions to systematically
evaluate the robustness of the model. Each degradation type was cate-
gorized into four intensity levels, ranging from light to severe. The
representative samples of the degraded images are displayed in Fig. 13
().

In the simulation of rainfall scenarios, a multi-factor coupled model
was constructed to account for both rain streak interference and atmo-
spheric scattering effects. Rain streak noise was simulated by generating
linear structures with consistent directional distributions, where the
quantity and length increased nonlinearly with rainfall intensity.
Simultaneously, global brightness attenuation and a light misting term
were introduced to characterize the reduced illumination and air scat-
tering typical of rainy environments. The continuous degradation pro-
cess, ranging from light rain to torrential rain, was jointly controlled by
the brightness attenuation coefficient a €{0.92, 0.84, 0.76, 0.68}, the
rain streak count N €{134, 379, 697, 1073}, and the fogging coefficient
n €{0.04, 0.08, 0.12, 0.16}. For fog scenarios, the degradation was
implemented based on the Koschmieder atmospheric scattering model,
which describes the scattering and attenuation of light in a medium via a
transmission function and an atmospheric light term. The atmospheric
scattering coefficient was set to g €{0.5, 1.0, 1.5, 2.0} to simulate
varying fog intensities under different visibility conditions. Regarding
low-light scenarios, a combination of Gamma transformation and global
brightness attenuation was employed to simulate diverse illumination
levels. Continuous modeling from slight underexposure to severe low-
light environments was achieved by adjusting the parameter pairs (7,
a) €{(1.2, 0.9), (1.5, 0.7), (2.0, 0.5), (2.5, 0.4)}, with the inclusion of
subtle noise and blurring to approximate the characteristics of low-light
imaging. The implementation details of these environmental degrada-

Original Level 1 Level 2

(a)

Rainfull §

o “ - - - -
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tion algorithms are available at: https://github.com/XingshiXu/Agri-
Env-Degradation-Toolkit.

The test results for CKDNet across these degraded environments were
illustrated in Fig. 13 (b). The results indicated that the proposed model
exhibits significant and satisfactory robustness when the degradation
was at a low intensity (Disturbing degree < 2), with the keypoint
localization precision APy, remaining above 90%. However, a more
pronounced decline in model precision was observed when the degra-
dation reaches the extreme level (Disturbing degree = 4). This suggests
that extreme visual interference leads to a severe loss of spatial infor-
mation, causing the feature response maps to become diffused. Conse-
quently, future research may consider incorporating image
enhancement algorithms as a pre-processing module to further improve
system reliability in harsh environments.

6.3. Limitations and future work

Despite the promising performance of the CowSizeNet, several lim-
itations remain to be addressed in future research to enhance its prac-
tical utility:

(1) Generalizability across breeds, ages, and species: The proposed
method is theoretically applicable to various livestock such as
sheep, horses, and diverse cattle breeds. However, the current
model cannot be directly deployed across different species or
growth stages due to significant variations in skeletal structures
and morphological proportions. Specifically, the CKDNet must
learn new visual features and anatomical landmarks, while the
PC-GCN needs to adapt to unique geometric constraints and
mappings specific to the target breed or age group. Future
research will explore transfer learning and domain adaptation to
extend the framework’s versatility to a broader range of livestock
populations with minimal retraining costs.

(2) Robustness against external occlusions: A fundamental limita-
tion of the proposed method is its sensitivity to external occlu-
sions, such as the railings in milking parlors or sorting alleys.
When a keypoint is physically obstructed by a railing (i.e., the
target anatomical point is situated behind the railing relative to
the camera), the system suffers from significant measurement
errors due to the inability to accurately localize the 3D co-
ordinates of the occluded point. This failure stems from the direct
loss or corruption of depth information in the occluded regions.
Future research will explore geometric completion algorithms
that leverage geometric priors of the animal body to estimate the
missing depth data for obstructed regions (Li et al., 2025a).

(3) Computational efficiency and lightweight design: Current efforts
primarily focus on enhancing the accuracy of body size estima-
tion rather than optimizing the model's lightweight architecture.

100,

(b)

Level 3

Level 4

90]

2 = ®
3 =) 3

Average precision of keypoints (%)
2

] 2 3
Disturbing degree

Fig. 13. Environmental degradation. (a) Simulated samples of rainfall, fog, and low-light; (b)APy, across four degradation levels.
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Further optimization is necessary to enable deployment on edge
devices with lower computational power. Future research will
investigate model compression techniques and the design of
efficient, lightweight network architectures to reduce the
computational complexity without compromising precision.

(4) Mitigation of inherent data noise: Inherent errors in manual
measurements and fluctuations in 3D imaging sensors introduce
non-negligible noise into the training data. Such noise makes it
challenging for the PC-GCN to capture highly significant correc-
tive features during the learning process. To address this, future
research will aim to incorporate high-fidelity synthetic datasets
generated from 3D modeling and skeletal rigging (Okour et al.,
2024; Twami et al., 2026). These “virtual cows” provide noise-free
ground truth along with greater data diversity and volume,
serving as a robust pre-training foundation before the model is
fine-tuned on real-world experimental data to achieve higher
precision.

7. Conclusion

This study addressed two major challenges in non-contact cattle
body measurement, namely keypoint localization errors caused by weak
visual features and measurement deviations induced by non-standard
postures, by proposing a novel method called CowSizeNet. To alle-
viate the first issue, the CKDNet was developed, which enhances feature
representation through the BFEM and strengthens spatial associations
via the HGAEM. This design effectively improved the localization ac-
curacy of visually ambiguous regions such as the withers, back, and
buttocks. To overcome the second challenge, the PC-GCN was intro-
duced to learn the nonlinear relationship between keypoint geometry,
joint angles, and body measurement deviations under different postures.
By regressing posture-related deviations, PC-GCN effectively compen-
sated for the measurement deviations caused by non-standard postures,
yielding more accurate and consistent results. Extensive experiments
and a system prototype implementation demonstrated the model’s
effectiveness, robustness, and potential value for practical PLF
applications.
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