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Abstract: [Significance]　In alignment with the national germplasm security strategy, current research efforts are accelerat‐

ing the adoption of precision breeding in sheep. Within the whole-genome selection, accurate phenotyping of body mor‐

phometrics is critical for assessing growth performance and breeding value. Traditional manual measurements are ineffi‐

cient, prone to human error, and may cause stress to sheep, limiting their suitability for precision sheep management. By 

summarizing the applications of sheep body size measurement technologies and analyzing their development directions, 

this paper provides theoretical references and practical guidance for the research and application of non contact sheep body 

size measurement. [Progress]　This review synthesizes progress across three principal methodological paradigms: two-di‐

mensional (2D) image-based techniques, three-dimensional (3D) point cloud-based approaches, and integrated 2D-3D fu‐

sion systems.  2D methods, employing either handcrafted geometric features or deep learning-based keypoint detector al‐

gorithms, are cost-effective and operationally simple but sensitive to variation in imaging conditions and unable to capture 

critical circumference metrics. 3D point-cloud approaches enable precise reconstruction of full animal morphology, sup‐

porting comprehensive body-size acquisition with higher accuracy, yet face challenges including high hardware costs, com‐

plex data workflows, and sensitivity to posture variability. Hybrid 2D-3D fusion systems combine semantic richness from 

RGB imagery with geometric completeness from point clouds.  Having been effectively validated in other livestock spe‐

cise, e.g., cattle and pigs, these fusion systems have demonstrated excellent performance, providing important technical 

references and practical insights for sheep body size measurement. [Conclusions and Prospects]　Firstly, future research 

should focus on constructing large-scale, high-quality datasets for sheep body size measurement that encompass diverse 

breeds, growth stages, and environmental conditions, thereby enhancing model robustness and generalization. Secondly, 

the development of lightweight artificial intelligence models is essential. Techniques such as model compression, quantiza‐

tion, and algorithmic optimization can substantially reduce computational complexity and storage requirements, facilitat‐

ing deployment in resource-constrained environments. Thirdly, the 3D point cloud processing pipeline should be stream‐

lined to improve the efficiency of data acquisition, filtering, registration, and segmentation, while promoting the integra‐

tion of low-cost, high-resilience vision systems into practical farming scenarios. Fourthly, specific emphasis should be 

placed on improving the accuracy of curved-dimensional measurements, such as chest circumference, abdominal circum‐

ference, and shank circumference, through advances in pose standardization, refined 3D segmentation strategies, and multi-

modal data fusion. Finally, the cross-fertilization of sheep body size measurement technologies with analogous methods 

for other livestock species offers a promising pathway for mutual learning and collaborative innovation, accelerating the in‐

dustrialization of automated sheep morphometric systems and supporting the development of intelligent, data-driven pas‐

ture management practices.
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0 Introduction 

The sheep industry is a foundational pillar of ani‐

mal husbandry, underpinning economic growth and 

improving national livelihoods. In conventional pro‐

duction systems, sheep growth is primarily evaluated 

using two sets of metrics: body weight and body size. 

However, obtaining accurate body weight is challeng‐

ing due to sheep's resistance and movement, which 

thereby introduces significant variability and error into 

scale readings. In contrast, body size measurements 

provide a more refined assessment of skeletal develop‐

ment, breeding potential, and are critical inputs for 

weight estimation models.

Traditional measurement methods mainly rely on 

point-by-point manual measurement with a soft tape 

which quantifies distances between specific body 

points of sheep. This approach yields relatively low er‐

rors but is time-consuming overall. Moreover, as 

sheep grow, updating their body size parameters is 

challenging, making real-time tracking of these param‐

eters impossible. Consequently, there is an urgent need 

for a simple, accurate, non-contact, and automated sys‐

tem for capturing body dimensions to support preci‐

sion livestock farming.

Driven by this demand for automation, computer 

vision has emerged as a promising tool for non-contact 

morphometric analysis, with significant advances doc‐

umented in recent literature[1, 2]. However, research spe‐

cifically targeting sheep remains relatively scarce. 

Therefore, this paper focuses on sheep while drawing 

relevant insights from studies on other livestock spe‐

cies. The main computer vision-based approaches are 

reviewed for body size measurement, namely, two-di‐

mensional (2D) imaging, three-dimensional (3D) point 

cloud analysis, and hybrid 2D-3D fusion methods, out‐

lining the advantages, limitations, and performance of 

prevalent technical solutions. Additionally, the limita‐

tions of different technologies applied in sheep body 
size measurement research, as well as the applicability 
of body measurement methods from other livestock 
species to sheep, are also discussed, aiming to provide 
a theoretical basis and technical references for smart 
feeding and the development of intelligent sheep body 
measurement systems.

1 Method for measuring sheep body 
size based on computer vision

Sheep body size provides direct indicators of 
growth status and constitutes essential quantitative 
benchmarks for breed selection, fattening potential as‐
sessment, and feed management optimization. A syn‐
thesis of relevant literature, technical documentation, 
and field surveys yields the current classification 
framework for these parameters (Fig. 1).

Current mainstream computer vision-based ap‐
proaches can be broadly classified into three catego‐
ries: 2D image-based measurement, 3D point cloud-
based measurement, and hybrid 2D-3D systems. 
Across all technical paradigms, measurement work‐
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a. Side view b. Top view

Note: BL denotes body length; BH denotes body height; CD denotes 

chest depth; CG denotes chest girth; AD denotes abdominal dimension; 

HH denotes hip height; SC denotes shank circumference; SW denotes 

shoulder width; CW denotes chest width; AW denotes abdominal width; 

HW denotes hip width.

Fig. 1  Sheep body measurement diagram
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flows typically follow four core stages: data acquisi‐

tion, data processing, keypoint or landmark detection, 

and body size calculation. To enable a clearer under‐

standing of the technical attributes associated with dif‐

ferent data modalities, a comparative analysis of these 

methods is provided (Fig. 2).

Following the taxonomy of existing techniques, 

the subsequent chapters provide a detailed examina‐

tion of the three core methodologies. Chapter 2 delves 

into 2D image-based techniques, focusing on image 

segmentation, geometric feature extraction from key 

points, deep learning-driven recognition, and the deri‐

vation of various body size measurements. Chapter 3 

addresses 3D point cloud technology, encompassing 

essential processing steps such as filtering, registra‐

tion, segmentation, key point identification, pose nor‐

malization, and parameter calculation. Chapter 4 ex‐

plores the 2D-3D fusion strategies, analyzes how they 

achieve a balance between accuracy and cost through 

complementary advantages, as well as the referential 

applicability of body size measurement technologies 

from other livestock species to sheep. Chapter 5 dis‐

cusses existing datasets, the application of deep learn‐

ing methods, and large-scale deployment, so as to pro‐
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Two-dimensional body 
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3D point cloud
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Filtering
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PMA and ElasticNet algorithms

Hough transform ellipse fitting
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Maximum inscribed matrix method

Partition detection method
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CNN micro-pose classification 
+ ElasticNet regression

PointNet++ region segmentation+
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Note： SLIC denotes simple linear iterative clustering； R-CNN denotes region-based convolutional neural network； ICP denotes iterative closest 

point； SLAC denotes simultaneous localization and calibration； Lite-HRNet denotes lite high-resolution network； SIFT denotes scale-invariant fea‐

ture transform； SVM denotes support vector machine. ROR denotes radius outlier removal； ISS3D denotes intrinsic shape signatures 3D； 4PCS de‐

notes 4-points congruent sets； KCGATNet denotes kernel-based channel graph attention transformer network.

Fig. 2  Overview diagram of sheep body measurement techniques
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vide a theoretical basis for the non-contact and auto‐

mated body size measurement of sheep.

2 Two-dimensional （2D） image-
based body size measurement 

2D camera systems are the most widely em‐

ployed technologies in modern monitoring applica‐

tions and research. These imaging frameworks have 

been progressively refined to meet specific measure‐

ment objectives, incorporating task-oriented algo‐
rithms and streamlined workflows. In sheep body size 
measurement, the process typically begins with prepro‐
cessing raw images to suppress background noise and 
extract the animal's silhouette (Fig. 3). Keypoints or 
anatomical landmarks are then detected to establish 
precise reference positions. Based on the spatial rela‐
tionships of these landmarks, dedicated body size algo‐
rithms are applied to derive the target measurement pa‐
rameters.

2.1　Processing of 2D images　

Table 1 presents a comparative analysis of 2D im‐
age data processing methods in animal body size mea‐
surement. Single-algorithm approaches often exhibit 
notable measurement errors when confronted with 
challenges such as low color contrast, cluttered back‐
grounds, or variable illumination conditions. These 
limitations have prompted a shift in research focus to‐
ward multi-algorithm fusion techniques, which aim to 
leverage the complementary strengths of different 
computational methods to enhance measurement ro‐
bustness and accuracy.

Multi-algorithm fusion capitalizes on the comple‐
mentary strengths of distinct computational tech‐
niques, which effectively improving the precision of 
object detection and body segmentation. A notable ex‐
ample is the combination of traditional edge detection 
with morphological operations. BAI et al. [15] applied 
boundary detection to sheep images, while SHI and 
ZHANG[7] utilized image segmentation for cattle, both 
studies verifying the specific advantages of this hybrid 
approach, including higher accuracy in identifying ani‐
mal body contours, reduced interference from com‐

plex background textures, and improved robustness to 

minor postural variations in animals. In addition, 

depth information has been integrated to facilitate fore‐

ground extraction. For instance, SHI et al. [6] adopted 

semi-global matching to generate disparity maps, 

thereby identifying background regions in depth imag‐

es, subsequently performing image subtraction to 

achieve rapid contour extraction for pigs. YE et al. [9] 

employed a shadow difference method to distinguish 

the background from target objects in depth images, 

and then applied the watershed algorithm for target 

segmentation, which reduced the reliance on tradition‐

al color contrast-based methods. Moreover, the integra‐

tion of superpixel methods with clustering algorithms 

has improved segmentation efficiency and accuracy. 

ZHANG et al. [8] combined the Sobel operator with the 

simple linear iterative clustering (SLIC) superpixel al‐

gorithm to extract animal foreground images, achiev‐

ing an improved processing speed without compromis‐

ing precision.

Although traditional image processing methods 

have matured in certain aspects, they remain highly re‐

liant on manually engineered feature extraction and pa‐
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Fig. 3  2D image sheep body measurement process
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rameter tuning. In contrast, deep learning models can 
automatically learn image features from large-scale da‐
tasets, typically offering greater generalization capabil‐
ity and robustness. A key research focus in this domain 
is on instance segmentation models and the diversifica‐
tion of deep learning architectures. Instance segmenta‐
tion models enable precise localization and pixel-level 
segmentation of individual animals. The mask region-
based convolutional neural network (Mask R-CNN) 
model, a leading representative in this field, generates 
target masks that perform remarkably well in sheep 
contours extraction[16]. QIN et al. [17] applied this model 
to identify sheep positions and generate mask images, 
thus eliminating dependence on handcrafted features. 
To address limitations in handling blurred boundaries 
and overlapping scenarios, BELLO et al. [18] proposed 
an enhanced Mask R-CNN to improve cattle segmenta‐
tion accuracy, while ZHAO et al. [19] developed the 
SheepInst algorithm with a modified backbone and de‐
tection heads, achieving highly accurate segmentation 
of densely overlapping sheep. However, such models 

involve high computational complexity, impose strict 
hardware requirements, and are prone to overfitting in 
small-sample scenarios, which limits large-scale de‐
ployment in practical applications.

Besides instance segmentation, lightweight mod‐
els for semantic segmentation and object detection 
have also been explored for sheep body size measure‐
ment and carcass segmentation tasks. XIE et al. [20] pro‐
posed a multi-scale dual-attention U-Net, achieving 
93.76% precision and 86.94% mean intersection over 
union (MIoU) on a self-constructed sheep carcass hind 
leg dataset. Although the you only look once (YOLO) 
series demonstrates superior inference speed for sheep 
behavior recognition[21], its primary focus on detection 
rather than segmentation leads to limited contour delin‐
eation capability. This deficiency makes it difficult to 
meet the pixel-level localization requirements essen‐
tial for identifying  key body dimension measurement 
points. Future research should prioritize resolving the 
dual challenges of model lightweighting and high geo‐
metric segmentation precision, thereby facilitating the  

Table 1  image-based body size measurement methods: applications in sheep and reference cases in livestock

Subjects

Sheep

Sheep

Sheep

Pig

Cow

Yak

Cattle

Sheep

Sheep, 
Cattle

Cattle

Cattle

Cattle

Camera setup

Logitech C920 
hdpro webcam

CCD wide-angle 
camera

MV-EM120C

Kinect v1 (RGB)

Single RGB

Single RGB

Azure Kinect DK

Single RGB

Intel RealSense 
D415

Hikvision RGB

Smartphone RGB

RealSense D455

Image algorithms

Partial least squares 
algorithm

Background 
difference method

SLIC + FCM 
clustering

Semi-global matching 
+ image subtraction

Canny algorithm

Sobel operator + 
SLIC

Shadow aberration 
method + Watershed 

segmentation

PreciseEdge

U-Net

SOLOv2

YOLOv5s+Lite-
HRNet

Improved 
Mask2former

Individual 
number

27

NA

27

200

NA

33

34

75

55

200

30

137

Traits & accuracy

BL: 3.5%; BH: 3.5%; CD: 3.5%

BL: 2%; BH: 2%

BL: 2.03%; BH: 1.13%; 
CD: 4.45%; CW: 2.25%; 
HH: 1.54%; HW: 2.41%

BL, BH, HH, HW, SW: < 2.83 %

BL: 0.06%; BH: 2.28%

BH: 1.95%; BL: 3.11%; CD: 4.91%

BL: 2.7 cm; BH: 2.07 cm; 
AW: 1.47 cm

BL: r=0.943; BH: r=0.931; CG: 
r=0.893

BL: 2.42 %; BH: 1.86 %; 
HH: 2.07 %; CD: 2.72 %

BL: 1.36 %; BH: 0.44 %; 
CD: 2.05 %; CW: 2.80 %

BL: 7.55%; BH: 6.75%; 
CD: 8.00%; SC: 8.97%

BH: 4.32%; HH: 3.71%; 
BL: 5.58%; SC: 6.25%

Main limitations

Colour-contrast sensitive

Cluttered background leaks

Cluster number must be tuned

Depth not used; Lighting 
sensitive

Edge gaps need manual repair

K-value manually tuned

High-contrast uniform 
background required

High-contrast uniform 
background required

Heavy model, embedded-un‐
friendly

Extreme-pose drift

Key-point occlusion drift

High posture sensitivity, large 
errors in girth measurements

Year

2014

2014

2018

2019

2020

2021

2022

2022

2022

2022

2024

2024

Work

［3］

［4］

［5］

［6］

［7］

［8］

［9］

［10］

［11］

［12］

［13］

［14］

Note：CCD denotes charge-coupled device; FCM denotes fuzzy C-means; NA denotes not available; BL denotes body length; BH denotes body 

height; CD denotes chest depth; CDM denotes chest dimension; HH denotes rump height; SW denotes shoulder width; CW denotes chest width; 

AW denotes abdominal width; HW denotes hip width; CG denotes chest girth; SC denotes shank circumference.
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widespread application of edge-computing technology 
in sheep body size measurement.

2.2　Keypoint recognition for 2D sheep 
body size measurement　

2.2.1　Geometric feature-based keypoint recog⁃
nition

In the field of 2D image analysis, geometric fea‐

ture-based keypoint recognition techniques rely on ex‐

plicit geometric descriptors and mathematical princi‐
ples to enable the accurate extraction of sheep body 
size parameters[22, 23]. These methods provide a solid 

theoretical and computational foundation for locating 

anatomical landmarks that are critical to measurement 
accuracy. Table 2 presents a comparative analysis of 

different geometric approaches for keypoint identifica‐

tion, summarizing their respective advantages and lim‐

itations in sheep body size measurement applications.

Overall, geometric feature-based analytical meth‐

ods are characterized by clear theoretical foundations, 

relatively low computational complexity, and indepen‐

dence from large-scale data training. These approaches 

also impose modest hardware requirements and allow 

results to be interpreted through well-defined geomet‐

ric rules. However, their heavy reliance on manually 

designed heuristics and expert experience makes them 

highly sensitive to the completeness and quality of ob‐

ject contours. Moreover, their generalization capability 

is limited: algorithmic parameters often need to be re‐

calibrated for different sheep breeds or even for vari‐

ous growth stages of the same sheep. In addition, these 

methods exhibit poor adaptability to complex environ‐

ments, as variations in illumination and background 

conditions can substantially degrade algorithmic per‐
formance.

2.2.2　Deep learning-based keypoint recognition
Deep learning models possess the ability to auton‐

omously extract high-level features from images, and 

particularly with sufficient data, their performance in 

keypoint recognition significantly surpasses that of 

manually designed geometric rules. These models pro‐

vide more robust solutions for anatomical landmark lo‐

calization in sheep body size measurement. In recent 

years, researchers have proposed a variety of technical 

schemes tailored to different application scenarios. Ta‐

ble 3 compares the advantages and disadvantages of 

several deep learning-based approaches for livestock 
keypoint detection.

Table 2  Comparison of geometric feature extraction methods for sheep body size measurement

Subjects

Sheep

Sheep

Sheep

Sheep

Sheep

Method

Corner (inflection-point) 
detection

Convex-hull analysis

Edge detection

Maximum-curvature ex‐
traction

Region-based U-chord 
curvature

Principle

Compute curvature or angle dis‐
continuities along the contour

Compute the convex hull of a 
point set and retain its vertices

Detect gray-level discontinuities 
via gradient/entropy/filtering

Locate curvature extrema along 
the edge

Compute curvature with a fixed-
chord sliding window

Time complexity

O(n)

O(n log n)

O(n)

O(n)

O(n)

Advantage

Very fast; accurate 
localization

Parameter-free; fast 
execution

Highly general-purpose

Mathematically 
well-defined

Balances local & 
global shape

Disadvantage

Noise-sensitive

Keeps only "most convex" 
points; loses concavities

Fragile edges; 
post-processing required

Requires smoothing; 
prone to burrs

Extra chord-length 
parameter to tune

Work

[22]

[23]

[24]

[5]

[16]

Table 3  Comparison of deep learning-based keypoint detection methods for sheep and related livestock body size measurement

Subjects

Sheep, Cattle

Cattle

Pig

Method

Multi-stage dense 
hourglass

YOLOv5s +Lite high-
resolution network

(Lite-HRNet)

Faster R-CNN +Neu‐
ral Architecture 
Search (NAS)

Principle

Multi-scale fusion with iterative up/
down-sampling for end-to-end key-

point detection

YOLOv5s proposes regions; Lite-
HRNet refines keypoints

Faster R-CNN defines the search 
region; NAS refines the keypoints

Advantage

Highest localization accuracy 
and strong robustness to pose 

and coat variations

Excellent speed-accuracy trade-
off, lightweight design, and 
suitable for edge deployment

High detection accuracy and 
strong generalizability

Disadvantage

Large parameter count, high 
GPU memory usage, slow infer‐

ence speed

Relies on detection box quality; 
key points tend to drift under 

dense occlusion

Slowest inference speed, difficult 
to meet real-time requirements, 
and long training and hyper-pa‐

rameter tuning cycles

Work

[11]

[13]

[25]
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Overall, deep learning-based keypoint recogni‐
tion methods overcome many limitations inherent to 
geometric feature-based techniques, such as heavy reli‐
ance on prior rules and weak generalization capability. 
Nevertheless, they also present inherent challenges. 
First, they require large-scale annotated datasets, and 
their performance can deteriorate sharply under data-
scarce conditions. Second, certain architectures exhibit 
high computational complexity, limiting deployment 
on edge devices. Additionally, their robustness still 
needs improvement under challenging conditions, 
such as severe occlusion or extreme lighting variations.

2.3　Body size parameter calculation　

Sheep body size parameters reflect their growth 
stage, health status, and breed characteristics. These 
parameters vary across different breeds and develop‐
mental stages. In current studies, differences in mea‐
surement methodologies have resulted in variations in 
the formulation and representation of body size data. 
In 2D image-based measurements, body dimensions 
are commonly computed using the Euclidean distance 
between two anatomical landmarks or the perpendicu‐
lar distance from a point to a line. This section intro‐
duces existing approaches for calculating sheep mor‐
phometrics in 2D imagery.
2.3.1　Body length　

In livestock production and breeding evaluation, 
body length typically refers to the straight-line dis‐
tance between the cranial point of the scapula and the 
caudal point of the ischial tuberosity. This definition 
aligns with conventional livestock husbandry practices 
and provides a unified anatomical reference for the de‐
sign of subsequent measurement methods. When visu‐
al measurement is employed instead of manual mea‐
surement, it is essential to precisely locate these two 
points within the image space and compensate for sys‐
tematic errors caused by posture, camera angle, and 
breed-specific coat variations.

2D image-based body length measurement meth‐
ods generally follow three technical routes: full-con‐
tour endpoint selection, maximum inscribed rectangle, 
and structural segmentation combined with curvature 
analysis. Full-contour endpoint selection (e.g., Canny-
Euclidean distance method[26] as shown in Fig. 4a) is 
conceptually intuitive and conforms to conventional 
perceptions of body length measurement. It is compu‐
tationally efficient and exhibits certain generalizability 

across sheep breeds and body conformations. Howev‐
er, the accuracy of landmark extraction in this ap‐
proach is highly dependent on contour quality, and 
measurement results are susceptible to significant vari‐
ation due to changes in camera angle. Maximum in‐
scribed rectangle (as a representative of geometric 
shape analysis[26], Fig. 4b) determines body length by 
calculating the distance between the diagonal vertices 
of the largest rectangle that can be inscribed within the 
animal's contour. This approach can mitigate interfer‐
ence from localized irregularities but requires highly 
regular contour shapes. If the sheep outline is irregu‐
lar, accurate extraction of the maximum inscribed rect‐
angle becomes difficult, and its practical performance 
remains to be verified. Structural segmentation com‐
bined with curvature analysis (Fig. 4c): SHEN[27] divid‐
ed the lateral contour of a sheep's body into four equal 
sections using a cross-partition method. The boundary 
was encoded with a 16-neighborhood chain code, and 
curvature values and edge inflection points were com‐
puted for each boundary point. The caudal protrusion 
of sheep was selected as the ischial tuberosity point, 
and the anterior thoracic protrusion was taken as the 
scapular landmark. The Euclidean distance between 
these points was then calculated. This method is high‐
ly targeted, leveraging structural characteristics of the 
sheep body to improve landmark localization accura‐
cy. However, its performance is sensitive to image 
quality, and uneven lighting or noise can adversely af‐
fect subsequent keypoint detection.

Overall, current contour-based approaches for 
sheep body length measurement generally follow a 
"contour extraction, landmark localization, distance 
calculation" framework. However, several common 
limitations remain: Strong dependency on image quali‐
ty (including contour completeness and lighting condi‐
tions) and camera angles, which makes measurements 
susceptible to environmental interference. Landmark 
localization processes often rely on a single geometric 
cue (e.g., contour endpoints, rectangle vertices), lack‐
ing adaptability to complex sheep body structures. 
Consequently, it is difficult to maintain stability across 
different postures and breeds of sheep.
2.3.2　Body height　

In linear conformation assessment of sheep, with‐
ers height is defined as the vertical distance from the 
highest point of the scapula (the withers) to the load-
bearing ground surface. It is one of the core indicators 
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reflecting skeletal development and growth stage. In 
vision-based measurement, it is essential to reliably lo‐
cate the 3D coordinates of the withers under non-con‐
tact conditions, accurately estimate or fit the equation 
of the actual ground plane, and then convert the verti‐
cal distance into a real-world metric value in centime‐
ters to ensure direct comparability with manual mea‐
surements.

To achieve precise withers height measurement, 
researchers have proposed image-based solutions opti‐
mized for different application scenarios, supported by 
algorithmic enhancements. MENESATTI et al. [3] pro‐
cessed sheep body images using MATLAB software to 
accurately determine the spatial coordinates of the 
withers and the left fore hoof tip (Fig. 5a), followed by 
calibration of measurement data via a partial least 
squares regression model. The final vertical distance 
between the withers point and the ground plane was 
then computed. This method uses mathematical model‐
ing to reduce measurement error, and exhibits a rigor‐
ous logical workflow. However, it demands substantial 
computational resources and longer processing time, 
making it more suited to research laboratory contexts 
(e.g., studies of sheep growth patterns) where measure‐
ment precision requirements are stringent and equip‐
ment cost and time constraints are less critical. 
ZHANG et al. [26] located the withers point using an im‐
age-processing algorithm and defined a ground refer‐
ence line as the straight line linking the lowest points 
of the fore and hind hooves (Fig. 5b). The maximum 
vertical distance from the anterior shoulder point to 
this reference line was then taken as the withers 
height. This approach follows a simple algorithmic 
logic, is easy to implement, and produces rapid mea‐
surement outputs. It is therefore more appropriate for 
on-farm routine body size measurement, where real-
time capability is a priority, measurement precision 
requirements are moderately relaxed, and animals 

are typically required to maintain a standard stand‐

ing posture.

Overall, current image-based sheep withers 

height measurement technologies generally follow a 

"landmark localization, ground reference definition, 

vertical distance calculation" framework. The use of ei‐

ther the withers point or the anterior shoulder point to 

determine vertical distance to the ground forms the 

core measurement principle, with different implemen‐

tations offering distinct advantages depending on the 

operational context.

2.3.3　Hip height　
In linear conformation scoring and meat produc‐

tion performance prediction for sheep, hip height is de‐

fined as the vertical distance from the most posterior 

protrusion of the ischial tuberosity (i. e., the highest 

point of the rump) to the load-bearing ground surface. 

This metric reflects the degree of development of the 

hindquarters skeletal structure and the extension capac‐

ity of the hind limbs, and it is strongly correlated with 

rump muscle thickness and overall hindquarter meat 

yield.

LÜ[28] projected the rump point cloud data onto 

the xoy plane and applied a bounding box technique to 

extract the highest skeletal point and the hind hoof 

point (Fig. 6a). The distance between these two points 

was calculated as the rump height. This method 
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                         a. Overall contour point selection method  b. Maximum inscribed matrix method          c. Zone detection method

Fig. 4  Body length measurement methods of sheep
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a. Withers-to-left-fore-hoof con‐
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the withers point to the line con‐
necting the fore and hind hooves

Fig. 5  Body height measurement method of sheep

127



Vol. 8, No. 1智慧农业（中英文） Smart Agriculture

achieves high precision in regional extraction, en‐
abling accurate localization of critical anatomical land‐
marks required for measurement. It is most suitable 
for research institutions with stringent precision re‐
quirements and access to substantial financial and tech‐
nical resources, such as in-depth studies of 3D sheep 
morphology. ZHOU et al.[22] applied a bounding box al‐
gorithm to divide the sheep body into four regions. 
The lowest points of the fore and hind hooves were 
identified and connected to define the ground refer‐
ence line. Subsequently, the rump height landmark 
was determined based on the most posterior protrusion 
of the ischial tuberosity, and the vertical distance from 
this point to the ground was recorded as rump height 
(Fig. 6b). This method offers high adaptability to varia‐
tions in sheep posture and can maintain stable identifi‐
cation of both measurement reference and landmark 
points, even under moderate changes in stance. There‐
fore, it is well suited for routine on-farm production 
scenarios, supporting regular rump height measure‐
ments in sheep herds.

Overall, current hip height measurement tech‐
niques for sheep generally follow a "region extraction, 
reference ground determination, landmark localiza‐
tion, distance computation" workflow. All methods 
share the core measurement principle of determining 
the vertical distance from a key anatomical point in 
the rump to the ground surface. Nonetheless, their 
adaptability across diverse operational contexts is still 
limited. Future technological advancements should 
aim to balance precision and cost, and develop rump 
height measurement solutions that are better aligned 
with the varied requirements of both research and pro‐
duction environments[29].
2.3.4　Chest depth　

In linear conformation scoring and prediction of 
meat production traits in sheep, chest depth is defined 
as the vertical distance from the highest point of the 

withers to the most concave point at the lower margin 
of the sternum (Fig. 1). For vision-based measure‐
ment, it is necessary to simultaneously lock the 3D co‐
ordinates of the withers and the anatomical landmark 
at the sternum's lower margin, and to convert the verti‐
cal distance into the world coordinate system for direct 
comparability with manual measurements.

For automated measurement of chest depth in 
sheep, researchers have proposed multiple image-pro‐
cessing approaches with optimized landmark detection 
logic, tailored to different operational contexts. LU et 
al.[30] proposed a pixel statistics-based approach, which 
employs binarized contour images and vertical pixel 
counting to identify the lower reference point. Its ad‐
vantage lies in its ability to emphasize landmark fea‐
tures through well-defined contours, making it suitable 
for controlled environments with sufficient illumina‐
tion and uniform backgrounds. However, it is highly 
sensitive to image quality. ZHOU et al. [22] applied an 
anatomy knowledge-based approach that directly se‐
lects the concave point at the posterior side of the fore 
hoof, located at the sternum's lower margin, as the low‐
er reference point. Its advantages include intuitive un‐
derstanding and ease of implementation, making it 
suitable for routine measurements in regular farm sce‐
narios with standard standing posture. The drawback 
is its strong dependency on precise animal posture. 
ZHANG et al. [26] introduced a mathematical fitting-
based approach that uses linear fitting of data points 
along the anterior margin of the sternum to determine 
the lower reference point via computed distances. Its 
strength is the reduction of subjective error through a 
data-driven process, offering the highest measurement 
accuracy. It is most appropriate for research environ‐
ments where precision requirements are extremely 
stringent, but it imposes high demands on both data 
quality and computational resources.

Overall, existing studies exhibit common persis‐
tent limitations: Scene adaptability is heavily con‐
strained by landmark detection logic, making cross-
context compatibility difficult (e. g., high-precision 
methods are ineffective in typical farm environments). 
High sensitivity to external conditions such as image 
quality, animal posture, and data integrity, leading to 
reduced stability under complex field scenarios.
2.3.5　Chest width　

In sheep linear conformation assessment, chest 
width refers to the maximum horizontal distance be‐

HH
HH

Ground

 I    II
III  IV

a. Projection calculation method b. Vertical distance from hip-height 

point to the hoof line

Fig. 6  Hip height measurement method of sheep
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tween the posterior edges of the left and right scapulae 
(i. e., the outermost points of the shoulders) when the 
animal is standing naturally. This parameter is a key 
body size indicator reflecting the lateral development 
of the body and the width of the thoracic cavity. For vi‐
sion-based measurement, non-contact localization of 
the left and right shoulder protrusions is required, fol‐
lowed by conversion of the pixel-based image distance 
into the world coordinate system for direct comparison 
with manual measurements.

To achieve automated measurement of chest 
width in sheep, researchers have proposed three cate‐
gories of technical schemes based on image morpholo‐
gy analysis and machine learning, which differ mark‐
edly in their localization logic, technical features, and 
scene adaptability: LU et al. [30] employed width-curve 
extrema analysis as the core method for measuring 
sheep chest width (Fig. 7a). The method features a 
simple operational logic and achieves stable outputs 
when the background is clean and contours are well 
defined, making it suitable for laboratory or small-
scale controlled farm settings. However, the accuracy 
of measurement is highly sensitive to image quality. 
ZHANG et al.[26] proposed a method of geometric mor‐
phology + axis symmetry positioning (Fig. 7b), which 
combines geometric contour analysis with body axis 
symmetry constraints. It achieves theoretically higher 
precision but requires complete and high-quality initial 
point cloud or image data, while incurring a relatively 
high computational cost. The approach is therefore 
more appropriate for research applications where com‐
putational and data processing capabilities are avail‐
able. ZHANG et al. [31] adopted supervised learning 
with manual annotation (Fig. 7c),where a trained mod‐
el autonomously identifies the horizontal line passing 
through the widest part of the sheep shoulders. The in‐
tersection points of this line with the sheep body con‐
tour boundaries are defined as the chest width land‐
marks, and the distance between these two points is 
taken as the chest width. This technique aligns precise‐
ly with the anatomical definition of the parameter and 
provides high measurement accuracy, yet it depends 
heavily on extensive manually annotated training data, 
thus being most suitable for data-rich and precision-
sensitive research scenarios.

Overall, current chest width measurement tech‐
niques uniformly adopt the maximum horizontal dis‐
tance between the shoulder protrusions as the core 

measurement principle. Nevertheless, two major limi‐

tations persist: scene adaptability is highly dependent 

on the underlying technical logic. For example, meth‐

ods reliant on high-quality imagery are unsuitable for 

complex farm environments, while those dependent on 

annotated data face difficulties in resource-limited con‐

ditions. Cross-breed generalization remains inade‐

quate, as most existing solutions are tailored for specif‐

ic breeds and lack a universal technical framework for 

broader applicability.

2.3.6　Hip width　
In sheep conformation assessment, hip width re‐

fers to the maximum horizontal distance between the 

left and right ischial tuberosities (i. e., the outermost 

points of the rump) when the sheep is standing natural‐

ly. This parameter serves as a critical body measure‐

ment for evaluating the lateral development of the 

hindquarters and the balance of overall body structure.

ZHANG et al. [26] proposed a method combining 

morphological structure and curvature analysis. Their 

approach identifies hip width landmarks by analyz‐

ing the curvature variation of the spinal axis and the 

contour curves of the thoracic and pelvic regions 

(Fig. 8a). This biologically informed method can, in 

theory, achieve accurate localization of hip width 

points. However, it is highly dependent on image qual‐

ity: Noise or indistinct contours can distort the spine 

fitting and curvature calculation, thereby affecting 

measurement accuracy. Consequently, this approach is 

best suited for controlled laboratory or precision re‐

search settings where image quality can be guaranteed. 

SHI et al. [6] adopted a contour extraction and geomet‐

ric analysis method. They first employed image sub‐

traction on depth maps to rapidly obtain body outlines 

(Fig. 8b) and then utilized a recursive algorithm to 
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c. Horizontal distance 
maximum method

Fig. 7  Chest width measurement methods of sheep
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identify the largest inscribed rectangle based on con‐
vexity and concavity characteristics of the contour. 
The maximum horizontal distance of this rectangle 
was defined as the hip width. This method closely 
matches the operational logic of manual measurement 
and maintains a simple computational process. Howev‐
er, its robustness is limited: Large posture variations or 
irregular outlines can lead to inaccurate extraction of 
the inscribed rectangle, reducing measurement preci‐
sion. Thus, it is more suitable for on-farm scenarios 
where sheep maintain a relatively regular stance and 
clear contour visibility.

Overall, existing hip width of sheep measurement 
techniques share two common limitations. First, they 
exhibit high sensitivity to external conditions such as 
image quality and animal posture, compromising sta‐
bility under complex field environments. Second, 
while these methods perform well for specific breeds, 
they generally lack cross-breed generalization, making 
it difficult to adapt measurement frameworks across 
different sheep populations.

3 Three-dimensional (3D) point cloud-
based body size measurement

Because 2D image-based body size of sheep mea‐
surement lacks depth information, it cannot directly 

obtain circumferential parameters such as girth, chest 
girth, or cannon bone circumference. With the ad‐
vancement of 3D sensing technologies, measurements 
based on 3D data now enable direct estimation of such 
parameters. Unlike 2D imaging, 3D reconstruction typ‐
ically integrates multiple views of the same animal. 
The raw images must undergo filtering and registra‐
tion to reconstruct the complete 3D morphology of the 
sheep, followed by downsampling and keypoint extrac‐
tion for body size measurement (Fig. 9).

Although 3D point clouds are less sensitive to 
lighting and texture variations, high-precision recon‐
struction generally requires large-scale training data 
and significant computational resources: conditions 
that often conflict with the low-annotation and edge-

computing environments typical of livestock farms. 
Recent studies on animal 3D body size measurement 
(summarized in Table 4) may be broadly classified in‐
to three technical pathways: handheld high-precision 
devices with small sample sizes, depth-camera-based 
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Fig. 8  Hip width measurement methods of sheep
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Fig. 9  Three-dimensional point cloud body size measurement process of sheep
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medium-sample approaches, and deep-learning low-
cost large-sample models. Handheld/high-precision 
scanners (e. g., REVscan, TOF 3D) typically achieve 
1%－2.5% error rates using extremely small samples 
(1－25 animals). However, these systems are expen‐
sive and slow, restricting their use to laboratory envi‐
ronments. Depth cameras (e.g., Kinect v2 / DK-series) 
reduce per-unit cost and expand scale sample sizes to 
50－250 animals, achieving stable accuracy between 
0.7%－3.3%. Deep learning models, including Point‐
Net++ , remain mostly within the small-sample para‐
digm. Such studies face three fundamental reliability 
concerns: Insufficient statistical power, resulting in 

wide confidence intervals; limited diversity in body 
size, coat color, and environmental conditions, which 
restricts external validity; lack of independent test sets, 
leading to potential overfitting to specific experimen‐
tal settings. Consequently, small-sample outcomes 
should be interpreted as the upper performance limit 
of algorithms rather than as field-reproducible accura‐
cy benchmarks. To achieve trustworthy, industry-scale 
measurement standards, extensive validation studies-
spanning larger populations, multiple seasons, and dif‐
ferent breeds-are required to ensure model reliability 
and replication under diverse farming conditions.

3.1　3D point cloud filtering　

Point cloud filtering techniques have evolved 

from single-operator approaches to multi-algorithm fu‐

sion frameworks, yet remain constrained by the inher‐

ent precision-robustness-generalization trade-off. Pass-
through filtering combined with statistical outlier re‐

moval provides high accuracy in static scenes, but 

may cause erroneous deletion of valid data when ani‐

mals move[44]. Improved k-nearest neighbors (k-NN) 

denoising integrated with octree-based simplification 

can suppress noise effectively, yet tends to over-

smooth, leading to loss of fine details[32]. Depth-color 

Table 4  Comparison of 3D point cloud methods for sheep and related livestock body size measurement

Subjects

Sheep

Cow

Sheep

Cattle

Pig

Cattle

Pig

Pig

Pig

Sheep

Sheep

Sheep

Sheep

Camera type

REVscan_3D

Binocular Vision

TOF 3D camera

Kinect v2

Intel RealSense D720

Kinect DK

Kinect v2

RealSense L515

NA

Kinect v2

MV-EM120C GigE

KinectV2

Kinect DK

Algorithms

Octary tree+
Delaunay triangulation

Scale-invariant feature transform(SIFT) 
Algorithms

Principal component analysis
Random sampling consistency algorithm

Improved regional growth method

Background subtraction, ROR Algo‐
rithms, Iterative Closest Point (ICP), 

ISS3D

Depthwise Separable Convolution

Five-point clustering gradient boundary 
recognition algorithm

Variance classification algorithms

DeepLabCut+EfficientNet-b6

Improved PointNet++

ICP,pass-through filtering, statistical fil‐
tering, RANSAC

YOLOv11n-Pose, CNN, ElasticNet

PointNet++

Improved PointNet++, CPD

Animal Numbers

1

20

1

103

239

10

50

12

25

2

51

24

120

Body traits & accuracy

BL / BH / CW / HH / HW: 1.01 %

BL:1.14%; BH:1.57%; SW:2.24%

BL / BH / CD / HH: 2.36 %

BL / BH / CD / HH: <3 %

BL: 0.75 cm; HW: 0.38 cm; BH: 1.23 
cm; SW: 0.33 cm; HH: 0.66 cm

BL: 2.3%; BH: 2.8%; CG: 2.6%; AD: 
2.8%; SW: 1.6%

BL: 0.7%; BH: 1.8%; SW: 3.3%

BL / BH / HH / HW / SW: 1.79 cm

BL: 2.57%; BH: 2.18%; HH: 2.28%; 
SW: 4.56%; CG: 2.50%; AD: 3.14%

BL / BH / HH / HW: <5 %

BL: 3.11%; BH: 1.93%; CW: 3.38%; 
CD: 2.52%

BH: 1.67%; CW: 3.63%;HH: 1.14%; BL: 
2.71%; CG: 3.57%; HW: 3.71%

BL: 3.34%; BH: 3.07%; HH: 3.32%; CD: 
3.63%; CG: 2.81%

Year

2019

2020

2020

2020

2021

2022

2022

2023

2023

2024

2025

2025

2025

Work

[32]

[33]

[34]

[35]

[31]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

Note: TOF denotes time of flight; ISS3D denotes intrinsic shape signatures 3D; RANSAC denotes random sample consensus; CPD de‐

notes coherent point drift.
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multimodal fusion augmented by morphological opera‐
tions introduces semantic cues to mitigate the trade-
off, but requires manual structural design tailored to 
specific body types, limiting cross-breed transferabili‐
ty[45]. Achieving both dynamic robustness and detail 
preservation under a zero manual parameter tuning 

constraint remains an open challenge. Fig. 10 presents 
a typical multi-algorithm fusion filtering workflow. Al‐
though this process establishes an extensible fusion 
framework, it still requires further investigation into 
automatic parameter estimation and dynamic adaptive 
mechanisms.

Meanwhile, target segmentation and ground re‐
moval techniques have progressed from traditional 

clustering approaches to semantic recognition para‐

digms, forming a "clustering, background separation, 

ground removal" workflow. Clustering and variance-

based classification remain standard for object group‐

ing[34, 35, 40], while dynamic background separation dem‐

onstrates superiority in complex environments. LIU  
et al. [46] used Gaussian mixture modeling with real-

time parameter updates to achieve adaptive back‐

ground separation for cattle. However, such models re‐

ly solely on low-order color distributions and have yet 

to incorporate semantic labels, falling short of fully se‐

mantic recognition.

During the process of measuring sheep body di‐

mensions, point cloud data may change due to move‐

ment or postural variations of the sheep. Point cloud 

simplification can adapt to these dynamic changes by 

reducing data volume, thereby enhancing the stability 

and reliability of measurements. Current point cloud 

simplification techniques have evolved beyond mere 
dimensionality reduction(e.g., non-uniform grid meth‐

ods, raster-based simplification, normal vector-based 

simplification, and curvature-based simplification[47]) 

and have shifted toward feature-preserving simplifica‐

tion strategies. CHENG et al.[48] proposed a local condi‐

tional information evaluation method, an innovative 

approach in the field of adaptive simplification that 

can be applied to sheep point cloud simplification. 

However, a core limitation of this method lies in the 

lack of a unified standard for setting weights in the fea‐

ture scoring function, requiring weight parameters to 

be recalibrated for different animal subjects. Further‐

more, in regions with extremely low point cloud densi‐

ty, such as occluded leg areas, the scoring function is 

prone to misjudgment, leading to the loss of key fea‐

ture points.

3.2　3D point cloud reconstruction　

In sheep 3D reconstruction, stable and high-preci‐

sion geometry is often established using calibration 

boxes with known dimensions as a shared reference. 

As shown in Fig. 11, sheep point clouds are captured 

from the left, right, and top viewpoints, and respective 

a. Raw point cloud

f. Filtered point cloud

b. Pass-through filtering

e. DBSCAN filtering

c. Region growing filtering

d. Radius filtering

Note： DBSCAN denotes density-based spatial clustering of applications with noise.

Fig. 10  Multi-algorithm fusion filtering process diagram of sheep

132



戴维娇等：羊只体尺测量的研究进展：从二维视觉到三维重建及 2D-3D 融合Vol. 8, No. 1

fitting planes are extracted to serve as constraints for 
initial alignment. However, during actual measure‐
ments, small device shifts caused by sheep collisions 

or ground vibrations can introduce spatial offsets be‐
tween viewpoints, necessitating the use of registration 
algorithms for fine alignment after filtering.

The Iterative Closest Point (ICP) algorithm re‐
mains the most widely used approach for precise regis‐
tration in 3D reconstruction, owing to its simple princi‐
ple and high registration accuracy. Nevertheless, ICP 
is limited by its dependence on high overlap ratios and 
sensitivity to initial positions, which has prompted rel‐
evant research to advance toward multi-dimensional 
improvements. FAN et al. [40] proposed an improved 
scheme of "initial alignment based on camera position 
relations and ICP", which provides an effective solu‐
tion for sheep 3D registration from the perspective of 
initial position optimization, but this method relies 
heavily on ultra-precise camera calibration. DANG et 
al. [49] developed a framework combining CNN-based 
data augmentation with simultaneous localization and 
calibration (SLAC) for cattle 3D registration; this 
framework breaks through the limitations of ICP from 
the perspective of data quality and offers a reference 
for sheep 3D reconstruction. Yet CNN-generated data 
risk excessive smoothing, potentially removing fine 
details (e.g., dorsal protrusions on sheep) that are criti‐
cal for accurate body size measurement.

Meanwhile, sheep point cloud quality-encompass‐
ing density, uniformity, and noise level-directly im‐
pacts sheep 3D reconstruction performance. Current 
optimization efforts follow two primary paths for 
sheep point cloud processing[32,50]: structured recon‐
struction via triangular mesh topology, which demands 
high density and uniformity and struggles with dynam‐

ic point clouds; uniformization simplification through 
conditional voxel grids, which requires manual thresh‐
old tuning and risks removing valid points in occluded 
areas. Both approaches share the representation discon‐
tinuity problem, which remains a significant bottle‐
neck for subsequent sheep point cloud registration and 
body size measurement.

For point cloud occlusion-induced data loss, exist‐
ing studies mainly adopt local completion methods[50], 
with interpolation techniques favored for their simplic‐
ity and efficiency, and increasingly integrated into 
multi-technique frameworks. While surface reconstruc‐
tion, multi-view fusion, and global optimization each 
offer distinct advantages, none currently deliver a uni‐
fied balance of generalizability, accuracy, and efficien‐
cy. Specifically, for dynamic occlusions in sheep point 
clouds, effective strategies are still lacking.

Finally, workflow ordering within sheep 3D re‐
construction has emerged as an important consider‐
ation for sheep extraction performance. FAN et al. [40] 
confirmed that the "filtering, registration, ground re‐
moval" workflow achieves the best performance sheep 
body size measurement by comparing three main‐
stream sequences－ "filtering, registration, ground re‐
moval", "registration, filtering, ground removal" and 
"filtering, ground removal, registration".

3.3　3D point cloud segmentation　

As shown in Fig. 12, 3D segmentation plays a 

Fig. 11  Coarse registration of sheep point cloud using a calibration box
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crucial role in sheep body size measurement by divid‐
ing the animal's body into semantic regions, such as 
head, torso, and limbs. This process not only enables 
non-contact automated measurement but also establish‐
es a reliable data foundation for subsequent applica‐
tions in growth monitoring, selective breeding assess‐
ment, and health management.

3.3.1　Traditional geometric feature-based seg⁃
mentation of sheep body parts　

Before the widespread adoption of deep learning, 
segmentation methods for sheep 3D point clouds pri‐
marily relied on geometric attributes of point clouds, 
such as curvature variation and slice distribution, to 
perform fine-grained extraction of specific body parts 
(e. g., legs, head of sheep). These methods gradually 
evolved into two major technical paths: region grow‐
ing and slice-based clustering[34, 36]. Region growing de‐
pends heavily on empirically determined growth 
thresholds and is sensitive to noise, making it challeng‐
ing to handle complex topologies (e.g., crossed sheep 
legs). During processing, it can lead to broken or in‐
complete segmented regions. LI et al.[36] proposed slice-
based clustering, which transforms 3D segmentation 
into 2D slice analysis and reduces computational com‐
plexity. This approach was initially applied to cattle 
leg segmentation and is principally suited for rela‐
tively regular body structures such as legs. Given 
the similarity in the regularity of leg structures be‐
tween sheep and cattle, this method also offers a 
feasible technical reference for efficient sheep leg 
segmentation.
3.3.2　Deep learning-based segmentation of 

sheep body　
Deep learning, with its powerful feature learning 

capability, has overcome the reliance on empirical pa‐
rameters inherent in traditional methods, showing sig‐
nificant advantages in complex livestock point cloud 
segmentation tasks. It also provides valuable insights 

for advancing sheep point cloud segmentation. SHI et 
al. [51] proposed the "kernel convolution integrated with 
graph attention mechanism + transfer learning" frame‐
work which successfully established an efficient seg‐
mentation model for cattle and pigs. Its core contribu‐
tion lies in designing a transfer learning framework 
suitable for cross‑species livestock segmentation, of‐
fering a direct reference for modeling sheep point 
clouds. Future research on sheep could adopt the core 
architecture of this framework and select 
source‑domain species-such as goats or specific sheep 
breeds-with body structures (e. g., torso contours and 
limb proportions) more similar to the target sheep, 
thereby effectively reducing the risk of "negative trans‐
fer". On the other hand, JIANG et al.[52] introduced the 
"improved PointVector++ network", which enhances 
the handling of complex point clouds and has achieved 
efficient segmentation of pig body parts. Its feature ex‐
traction strategy tailored to complex topological struc‐
tures offers important insights for sheep segmentation. 
Since sheep also exhibit irregular topologies in regions 
such as the torso and head, this network's feature ex‐
traction mechanism can be adapted for segmenting cor‐
responding sheep body parts. At the same time, its lim‐
itations-such as insufficient feature extraction from 
very small‑scale point clouds and jagged segmentation 
boundaries-also highlight directions for improving 
sheep point cloud segmentation models. Future work 
could build on its core network architecture by incor‐
porating local point cloud density enhancement mod‐
ules or introducing multi‑scale feature fusion mecha‐
nisms. This would strengthen feature extraction in 
small‑scale regions of sheep (e.g., ear tips and hooves) 
and further improve segmentation accuracy.

3.4　Keypoint detection and recognition for 
3D sheep body size measurement　

3.4.1　Features geometric feature-based key⁃
point recognition for sheep body　

Keypoint detection serves as the foundation of 
sheep body size measurement. In the field of sheep re‐
search, keypoint extraction mainly relies on geometric 
feature methods such as curvature, normal vector, and 
spatial distribution. Table 5 compares the advantages 
and disadvantages of various approaches that rely on 
manually constructed geometric features of sheep.

Overall, geometric feature-based keypoints can 
provide reliable landmarks for sheep body measure‐

a. Point cloud registration b. Front view after 
segmentation

c. Top view after 
segmentation

Fig. 12  Schematic of sheep body point cloud segmentation for 

circumference measurement
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ment. However, they inherently face the trade-off 
among accuracy, robustness, and generalization that 
prevents simultaneous optimization of all three. Future 
developments should focus on modality complementa‐
rity, adaptive parameterization, and weakly supervised 
learning. By retaining the interpretability of geometric 
features while progressively reducing dependency on 
manual thresholds, template alignment, and synchroni‐
zation precision, it will be possible to achieve truly 
breed-generalized and scene-robust fully automated 
body size measurement systems.
3.4.2　Deep learning-based keypoint detection 

for sheep body　
Deep learning-based keypoint detection technolo‐

gy has become an important research direction to 
break through the bottleneck of manually constructed 
geometric keypoints, and related deep learning re‐
search in other livestock and poultry fields has accu‐
mulated transferable technical experience with signifi‐
cant reference potential.

HU et al. [39] proposed an enhanced PointNet++[55] 
framework that provides an end-to-end solution for 
pig body-part segmentation and keypoint localization, 
effectively overcoming traditional 3D point cloud seg‐
mentation methods' inability to capture fine-grained lo‐
cal details. This technical idea is of great reference val‐
ue for sheep body size keypoint recognition: Its im‐
proved network architecture can be learned from, the 
local feature extraction module can be optimized ac‐
cording to the characteristics of sheep such as irregular 
trunk contour and slender limbs; the detailed percep‐
tion ability of key parts such as acromion and rump 
can be enhanced, and the integration of part segmenta‐
tion and keypoint localization can be realized. 
FALQUE et al. [56] introduced a supervised regression-
based approach, reformulating cattle keypoint detec‐
tion as a distance regression problem to enhance local‐
ization precision. This framework effectively avoids 

the cascading error problem caused by segmentation 
failures and exhibits strong robustness under mild oc‐
clusion or partial interference. The core logic of this 
method can be transferred to sheep research, and a dis‐
tance regression model suitable for sheep can be de‐
signed in the future; at the same time, the data depen‐
dence and scene adaptation limitations exposed by it 
also point out the direction to avoid in sheep research, 
which is necessary to simultaneously explore data aug‐
mentation strategies to reduce the dependence on anno‐
tated samples, add point cloud denoising modules to 
improve anti-interference ability, and enhance the gen‐
eralization of the model to different sheep breeds and 
complex scenarios.

3.5　Sheep posture normalization　

The accuracy of body size measurements is close‐
ly tied to sheep posture, and different posture normal‐
ization methods directly affect the measurement preci‐
sion of body size parameters. Table 6 provides a com‐
parative overview of existing sheep posture normaliza‐
tion methods.

Recent studies indicate that posture normalization 
is no longer limited to filtering for standard poses; 
rather, it has shifted toward modeling, correcting, and 
compensating for non-standard postures. This marks a 
new stage in sheep body size technology, one that 
aims to adapt measurement systems to the natural be‐
havior of animals, thereby providing a viable pathway 
for enhancing algorithmic robustness in complex real-
world environments.

3.6　Sheep body size parameter calculation

As shown in Fig. 1, sheep body size measurement 
involves a variety of indicators. In farm management, 
parameters such as body length, withers height, shank 
circumference, hip height, chest width, and hip width 
are commonly used to assess livestock growth and de‐

Table 5  Comparison of key-point methods based on artificially constructed geometric features of sheep study

Subjects

Sheep

Sheep

Method

Normal-vector and 
curvature fusion sim‐
plification algorithm

Spatial distribution 
statistical method

Principle

Simplify point cloud by combining 
normal vectors and curvature, auto‐

matically extract body measurement 
points on cow back

Based on spatial distribution features 
of point cloud, set thresholds through 
pass through filtering, combined with 
extremum method and dimensionali‐
ty reduction projection to locate mea‐

surement points

Advantages

Preserves key feature points, of‐
fers high extraction accuracy, 
and adapts to various postures

High computational-efficiency, 
real-time-capability, robust-to 

wool-thickness-interference

Limitations

Relies heavily on point cloud 
quality and pre-processing, high 

computational complexity

Dependent-on fixed-postures 
and prior spatial-proportion-
knowledge, limited breed/

growth-stage adaptability, sensi‐
tive-to outlier point clouds

Work

［53］

［54］
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termine whether individuals meet breed or develop‐
mental standards, guiding feeding strategies and envi‐
ronmental adjustments. Chest girth and chest depth of 
sheep are closely associated with cardiopulmonary 
function and overall health, serving as critical referenc‐
es for disease prevention and selective breeding- addi‐
tionally, they are key indicators linked to body 
weight[58].

Compared with 2D methods, 3D body size mea‐
surement for sheep offers significant advantages in 
spatial coordinate completeness. By redefining refer‐
ence planes and optimizing geometric logic, 3D sys‐
tems achieve higher measurement precision for sheep 
body size parameters. This section addresses two core 
aspects: (1) redefining reference planes or lines for 
each parameter to enable direct comparability with 
manual gold standards for sheep; and (2) applying ap‐
propriate geometric operators to extract and calculate 
body size metrics in line with sheep's anatomical fea‐
tures and practical measurement requirements.
3.6.1　Body length　

3D sheep body length measurement is based on 
spatial point cloud data, directly localizing the 3D co‐
ordinates of the anterior edge of the shoulder joint and 
the posterior edge of the ischial tuberosity of sheep in 
the world coordinate system, and calculating the spa‐
tial straight-line distance between these two points. 
This fundamentally eliminates the perspective projec‐
tion error inherent in capturing sheep body images via 
2D imaging.

ZHOU et al. [32] proposed a "3D reconstruction + 
direct feature‑point localization" method for sheep, 
which constructs a 3D point cloud model to accurately 
locate measurement points and demonstrates higher 
tolerance to slight postural variations compared to 2D 
techniques. SHI et al. [59] proposed a "longitudinal pro‐

file fitting + curve integration" approach for pigs, and 
LI et al. [60]  developed a "point cloud partition slicing + 
DBSCAN clustering" method for cattle. Both provide 
viable technical references for sheep body length mea‐
surement. These methods share a core principle of 
conforming to the natural torso curvature of livestock 
and removing outlier points. These strategies can 
be adapted for sheep body measurement to im‐
prove the conformity of length measurement and 
enhance robustness against complex physiological 
conditions.
3.6.2　Body height　

From the perspective of measurement reference 

and posture adaptability, 3D measurement operates di‐

rectly on point cloud data, enabling the fitting of an ob‐

jective ground plane without dependence on hoof posi‐

tions or image contours of the sheep. Furthermore, by 

calculating the vertical distance from the withers point 

to the ground using spatial coordinates, 3D measure‐

ment fundamentally eliminates perspective errors in‐

herent in 2D approaches.

Currently, multiple 3D techniques coexist for 

measuring sheep body height. Among them, 

ZHANG[61] proposed a "rectangular region segmenta‐

tion + binocular vision" method for sheep height mea‐

surement. This approach combines the positioning ac‐

curacy of 3D data with the intuitiveness of 2D con‐

tours, using rectangular segmentation to precisely nar‐

row the search area for the sheep's withers point. Com‐

pared to traditional 2D measurement, it allows for fast‐

er localization of the measurement point. Moreover, 

by utilizing 3D coordinates obtained from binocular vi‐

sion, it effectively avoids the single-viewpoint perspec‐

tive bias of 2D images, thereby improving both the ac‐

curacy and efficiency of sheep height measurement. 

Table 6  Comparison of sheep pose normalization methods

Subjects

Sheep

Sheep

Sheep

Method

Global-local non-rigid 
warping

CNN micro-pose classifica‐
tion + ElasticNet regression

PointNet++ region segmenta‐
tion and re-projected coordi‐

nate frame

Pose-handling strategy

Use dynamic position encoding with a 
similarity transformation group to ob‐
tain the pose, followed by template 

alignment

An error-correction model based on 
CNN micro-pose classification and 

ElasticNet regression

Multi-view local pose normalization, 
PointNet++ segmentation, re-projected 

coordinate frame

Advantages

No reliance on strict sym‐
metry or complete point 

clouds, enabling non-rigid 
pose recovery

Lightweight deployment

Suppresses drifting land‐
marks under sudden poses

Limitations

Heavy computation; template 
library required

Still sensitive to resolution/angle; 
extreme poses fail

Relies solely on geometric coordi‐
nates without fusing RGB or other 
modalities, resulting in limited dis‐
criminative power under occlusion 

or specular reflection

Work

[57]

[41]

[42]
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Furthermore, the core concepts from 3D measurement 

techniques developed for other livestock provide valu‐

able insights for sheep height measurement. For in‐

stance, LI et al. [60] proposed a "point cloud slicing + 

chest region localization" method for cattle, whose 

technical rationale efficiently excludes interference 

from non-measurement areas, can be adapted for 

sheep to help mitigate interference from the legs or 

head on withers point localization. Similarly, WANG 

et al. [62] developed a "Euclidean clustering + principal 

component analysis (PCA) -based posture normaliza‐

tion" method for pigs, which normalizes the pig's point 

cloud to a standard posture via PCA and fits a corre‐

sponding reference plane to calculate the vertical dis‐

tance, which offers a useful posture correction strate‐

gy. When applied to sheep, this approach can ensure 

the verticality of the measurement reference even with 

slight body tilting, significantly enhancing the posture 

adaptability and robustness of sheep height measure‐

ment.

3.6.3　Shank circumference　
Defined as the shank circumference (SC) at the 

upper one-third of the metacarpus on the left foreleg, 

shank circumference in sheep is a key growth and 

weight predictor (Fig. 1). PAN[24] proposed a segment‐

ed-point-cloud circle fitting method tailored to its cy‐

lindrical structure in sheep, but segmentation is sensi‐

tive to posture and noise, and parameter dependence 

reduces generality.

Notably, as shown in Table 7, the shank circum‐

ference of sheep serves as a key indicator for con‐

structing weight prediction models and plays a signifi‐

cant role in improving the accuracy of weight estima‐

tion. Yet constrained by the poor quality of leg point 

cloud data, as well as its susceptibility to occlusion 

and motion interference, current research on 3D mea‐

surement of sheep's shank circumference remains 

scarce. The maturity and application adaptability of 

relevant technical solutions still await further explora‐

tion and optimization.

Table 7  The relationship between body weight and body size of sheep

Animal numbers

882

94

50

706

145

32

136

745

653

408

558

12 500

507

56

100

334

1 289

150

210

239

916

239

100

Body size indicators

BL, BH, CG, SC, HH, HW, etc.

BL, BH, CG, SC

BL, BH, CD, CG, CW, SC, HW, etc.

BL, BH, CG, SC

BL, BH, CD, CG, CW, HW

BL, BH, CD, CG, CW, SC

BL, BH, CD, CG, CW, SC, SH, HW

BL, BH, CD, CG, CW, SC, HH

BL, BH, CD, CG, CW, HW

BL, BL, BH, CD, CG, CW, SC, etc.

BL, BH, CG

BL, BH, CD, CG, CW, SC, HH, BW, etc.

BL, BH, CG, etc.

BL, BH, CG, SC, HH, HW

BL, CG, HH, SH

BL, BH, CG, SC

BL, BH, CD, CG, CW, SC

BL, CG, SH

BL, CD, CG, CW, HH, BH、etc.

BL, BH, CD, CG, CW, etc.

BL, BH, CG, SC

BL, BH, CG, CW, SC, etc.

BL, CG, HH, HW, AD, SW, etc.

Number of indicators

7

4

9

4

6

6

8

7

6

10

3

13

5

6

4

4

6

3

7

6

4

6

14

Year

2018

2018

2019

2020

2020

2021

2021

2021

2021

2022

2022

2022

2022

2022

2022

2023

2023

2023

2023

2024

2024

2024

2024

Work

［63］

［64］

［65］

［66］

［67］

［68］

［69］

［70］

［71］

［72］

［73］

［74］

［75］

［76］

［77］

［78］

［58］

［79］

［80］

［81］

［82］

［83］

［84］

Note: SH denotes shoulder height; HW denotes hip width; AD denotes abdominal dimension.
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3.6.4　Hip height　
3D measurement, based on point cloud data, can 

directly fit the objective ground or a preset spatial ref‐
erence line for sheep without relying on their hoof con‐
tours. Moreover, 3D measurement can lock the hip re‐
gion of sheep through spatial segmentation and slice 
analysis. Even in the presence of local occlusion, the 
measurement point information can be completed us‐
ing neighbouring point cloud features, thereby funda‐
mentally reducing the limitations of a single-view 2D 
approach.

Currently, various technical approaches have 
been developed for 3D hip‑height measurement. 
ZHANG[61] proposed a "binocular vision + rectangular 
segmentation" method, narrowing the search region 
for hip feature points in sheep through rectangular seg‐
mentation, which enhances efficiency while minimiz‐
ing background interference compared to the 
full‑image traversal typically used in 2D methods. LI 
et al.[60] introduced a "point cloud segmentation + slice 
analysis" technique for cattle, whose core technical ra‐
tionale can be adapted to sheep measurement. This ap‐
proach does not depend solely on locating a single 
measurement point, thereby offering significantly 
greater tolerance to local morphological variations, 
such as slight hip tilt in livestock. Furthermore, ZHOU 
et al. [23] presented an "envelope analysis + reference 
line" method, accurately identifying the highest point 
of the sacrum in sheep via envelope analysis and com‐
puting the vertical distance using a spatial reference 
line. This strategy not only aligns with the definition 
of hip height as a vertical spatial distance but also ef‐
fectively avoids 2D perspective distortion, while si‐
multaneously improving the localization accuracy of 
measurement points on the sheep body.

Overall, while 3D hip height measurement ad‐
dresses the key pain points of 2D methods, several 
challenges remain to be resolved. Firstly, certain 
schemes depend on extreme-point localization, which 
is prone to misjudgment due to hair or occlusion. Sec‐
ondly, parameter settings often rely on empirical val‐
ues, lacking adaptive capability. Finally, high com‐
pleteness of the sheep hip point cloud is required, and 
sparse point clouds can easily compromise measure‐
ment accuracy. Future 3D hip height measurement re‐
search should focus on improving the robustness of 
measurement-point localization and enhancing parame‐
ter self-adaptation to better meet the demands of practi‐

cal farming scenarios.
3.6.5　Chest depth　

3D chest depth measurement for sheep, based on 
spatial point cloud data, can directly isolate the thorac‐
ic region through filtering and clustering, eliminating 
dependence on planar contours. Furthermore, it ac‐
quires chest depth data based on the vertical correspon‐
dence between the sheep's withers point and the ster‐
num point via spatial coordinates, fundamentally elimi‐
nating the misalignment of measurement points caused 
by 2D perspective projection.

LÜ[28] introduced a "point cloud filtering + inter‐
val averaging method", extracting the chest-region 
point cloud of the sheep, evenly divided it into inter‐
vals, and calculates the vertical coordinates of the up‐
per and lower boundaries for each interval. By averag‐
ing these coordinates, the upper and lower body-depth 
measurement points are determined, with the absolute 
difference in their vertical coordinates representing the 
body depth. In comparison, MA[85] proposed a "hierar‐
chical clustering feature point detection (HCFPD)" 
method for sheep, and autonomously partitioned the 
point cloud into feature regions using a hierarchical 
clustering algorithm. It directly locates the highest 
point of the scapula and the measurement point at the 
bottom of the sternum, with the Euclidean distance be‐
tween them defined as chest depth. This approach does 
not require manual threshold adjustment and can adap‐
tively accommodate different thoracic morphologies 
of sheep based on point cloud distribution, offering 
greater flexibility. However, its performance relies on 
the accurate identification of chest-depth feature 
points via hierarchical clustering, which may be com‐
promised when key anatomical regions are poorly rep‐
resented in the point cloud.

Overall, although 3D methods outperform 2D ap‐
proaches in regional screening efficiency and morpho‐
logical adaptability, they still face new challenges. 
First, certain schemes rely on empirical parameters, 
making it difficult to adapt to breeds with large body-
type variation; moreover, when the thoracic structure 
is irregular, the averaged measurement may deviate 
from actual boundaries. Second, clustering-based ap‐
proaches depend on point cloud density and spatial dis‐
tribution characteristics; if the thoracic point cloud is 
sparse, feature points may be missed or misidentified. 
Future 3D sheep chest depth measurement research 
should focus on enhancing parameter self-adaptation 
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mechanisms and improving robustness under sparse 
point cloud conditions to further strengthen the univer‐
sality and stability of the technology.
3.6.6　Chest width　

3D chest width measurement for sheep, based on 
spatial point cloud data, can directly locate the spatial 
coordinates of the posterior edges of the scapulae on 
both sides of the chest without relying on planar pro‐
jection, thereby fundamentally eliminating errors in‐
troduced by 2D symmetry assumptions and perspec‐
tive projection.

MA[85] proposed the HCFPD method for sheep, 
which autonomously delineates regions within the 
point cloud via hierarchical clustering. It directly ex‐
tracts the feature point at the posterior edge of the 
scapula and calculates the Euclidean distance. This ap‐
proach requires no manual threshold tuning, adapts to 
the thoracic morphology of sheep with varying body 
sizes, and ensures the located measurement points con‐
form to the biological definition of chest width. PAN[24] 
introduced a "top‑view point cloud projection + 
segment‑wise statistical analysis" method for calculat‐
ing sheep chest width. Compared to traversing width 
curves across a full 2D image, this method more intui‐
tively reflects the horizontal distribution characteris‐
tics of chest width and minimizes interference from 
background point clouds. ZHANG[61] proposed a "bin‐
ocular vision + rectangular segmentation" method for 
sheep, defining the measurement region through rect‐
angular segmentation. After locating the anterior edge 
of the scapula and the withers point of sheep, chest 
width is derived based on geometric parameters. This 
solution combines the localization accuracy of 3D data 
with the intuitive nature of 2D contours, thereby reduc‐
ing detection difficulty of sheep chest width in 
occlusion‑prone conditions.

Overall, although 3D sheep chest width measure‐
ment demonstrates clear superiority over 2D approach‐
es in morphological adaptability and occlusion resis‐
tance, several challenges remain. First, some methods 
depend heavily on the quality of point cloud cluster‐
ing, with sparse point clouds or noise often leading to 
feature-point misidentification. Second, derivation 
schemes based on the symmetry assumption of the 
sheep's body can suffer accuracy loss in asymmetrical 
chest scenarios. Future developments in 3D sheep 
chest width measurement should focus on improving 
clustering robustness, enabling self-adaptive parame‐

ter adjustment, and overcoming the limitations of sym‐
metry assumptions to support a wider range of mea‐
surement scenarios.
3.6.7　Hip width　

3D measurement of sheep hip width calculates 
the maximum horizontal distance between the left and 
right ischial tuberosities using spatial coordinates, 
eliminating the need to rely on planar contours. This 
fundamentally removes errors caused by 2D perspec‐
tive distortion and postural variation.

ZHOU et al. [32] proposed a "3D reconstruction + 
sacral feature point localization" method for sheep, 
which autonomously segments the sacral region from 
a complete 3D point cloud of the sheep and then se‐
lects bilateral feature points on the back for Euclidean 
distance calculation. Since the sacrum serves as a sta‐
ble anatomical landmark for the hip with clear biologi‐
cal definition, this method effectively reduces interfer‐
ence from soft tissues, such as hair and fat, during 
measurement point localization. WANG et al.[62] devel‐
oped a "point cloud clustering + plane fitting" method 
for pigs, whose core technical rationale can be adapted 
for sheep hip width measurement. By constructing an 
objective measurement reference through clustering 
and plane fitting, this approach enables posture correc‐
tion based on the fitted reference plane even when the 
sheep exhibits slight body tilt, thereby effectively miti‐
gating the impact of posture changes on hip width cal‐
culation.

In summary, 3D technology demonstrates distinct 
advantages in sheep hip width measurement, including 
precise localization, strong robustness against interfer‐
ence, and excellent posture adaptability. The related 
technical pathways also provide diverse insights for 
achieving accurate hip width measurement in sheep.
3.6.8　Chest girth　

Chest girth is a key body size indicator reflecting 
thoracic volume and overall body development in 
sheep. It is typically defined as the circular perimeter 
at the widest part of the chest, usually located just be‐
low the posterior edge of the scapula, when the animal 
is in a natural standing posture, with the measurement 
plane oriented perpendicular to the direction of gravity 
(Fig. 1).

MA[85] proposed a "circumcircle method based on 
three measurement points", which constructs a triangle 
using three selected points from the sheep's chest cir‐
cumference and approximates the chest circumference 
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by calculating the perimeter of its circumcircle via 

Heron's formula. This approach does not require a 

complete thoracic point cloud, making it feasible even 

under partial occlusion or with sparse data, thereby 

overcoming the traditional dependency on a full con‐

tour. However, the accuracy of this method heavily re‐

lies on the appropriate selection of the three points; un‐

even distribution can lead to significant approximation 

errors. PAN[24] introduced a "lateral-view point cloud 

projection with ellipse fitting" method for sheep, 

which better aligns with the approximately elliptical 

physiological shape of the sheep's thoracic cavity com‐

pared to circular fitting, offering higher precision and 

effectively excluding interference from non‑thoracic 

regions. Nevertheless, lateral projection is sensitive to 

sheep posture, and incomplete point clouds can de‐

grade the fitting performance. LI et al. [60] developed a 

"bidirectional tomographic slice segmentation (BTSS) 

+ box‑elliptic" method for cattle, following a progres‐

sive logic of "segmentation - rectangular constraint - 

ellipse fitting." This ensures that the fitted ellipse tight‐

ly encloses the thoracic contour while reducing local 

noise interference, demonstrating stronger adaptability 

for individual sheep with slight thoracic irregularities.

In summary, various 3D technical approaches can 

effectively estimate sheep chest circumference. While 

each method has its distinct technical strengths and 
suitable application scenarios, they are all constrained 

by factors such as point cloud quality and algorithmic 

parameter settings. Future optimization of 3D sheep 

chest girth measurement technologies should focus on 

addressing the dual challenges of unsupervised auto‐

matic measurement-point localization and robust fit‐

ting for sparse or incomplete point clouds, thereby en‐

hancing measurement stability in complex scenarios 

and facilitating the transition of this technology from 

laboratory research to practical livestock production.

4 2D-3D integrated livestock body 
size measurement 

The 2D-3D integration approach aims to leverage 

the high-resolution semantic information of RGB im‐

agery together with the geometric completeness of 

point clouds, offering near-3D-level sheep body mea‐

surement accuracy at lower cost. Current mainstream 

solutions typically follow a generalized framework in 

which 2D images are used for keypoint detection, the 

corresponding 3D coordinates are obtained via back-

projection, and geometric computations are subse‐

quently performed[86]. Table 8 compares the accuracy 

of 2D, 3D, and 2D-3D fusion methods for body mea‐
surement in sheep and other livestock.

In summary, 2D body measurement methods of‐
fer advantages in cost and ease of use, but for sheep 
body measurement, their accuracy is considerably af‐

fected by imaging conditions and sheep posture varia‐
tion. In contrast, 3D methods provide significantly 
higher accuracy for sheep body measurement, but in‐

Table 8  Accuracy data comparison of 2D, 3D, and 2D-3D body measurement methods in sheep and other livestock

Subjects

Sheep

Cattle

Sheep

Cattle

Sheep

Cattle

Sheep

Cattle

Sheep

Sheep

Cattle

Pig

Horse

Methods

2D

2D

2D

2D

3D

3D

3D

3D

3D

3D

2D-3D

2D-3D

2D-3D

Animal numbers

27

NA

55

30

1

103

239

10

2

24

NA

NA

80

Body traits & accuracy

BL: 2.03%; BH: 1.13%; CD: 4.45%; CW: 2.25%; HH:1.54%; HW: 2.41%

BL: 0.06%; BH: 2.28%

BL: 2.42 %; BH: 1.86 %; HH: 2.07 %; CD: 2.72 %

BL: 7.55%; BH: 6.75%; CD: 8.00%; SC: 8.97%

BL / BH / CD / HH: 2.36%

BL/BH/CDP/HH: <3%

BL: 0.75 cm; HW: 0.38 cm; BH: 1.23 cm; SW: 0.33 cm; HH: 0.66 cm

BL: 2.3%; BH: 2.8%; CDM: 2.6%; AD: 2.8%; SW: 1.6%

BOL/BH/HH/HW: <5%

BH: 1.67%; CW: 3.63%; HH: 1.14%; BL: 2.71%; CDM: 3.57%; HW: 3.71%

BL: 2.14%; BH: 0.76%; HH: 0.76％

BL: 2.33％; BH: 1.92%; SW: 1.29%; HW: 1.26％

BH/BL/HH/CG/AD: <2.29%

Year

2018

2020

2022

2024

2020

2020

2021

2022

2024

2025

2022

2021

2024

Work

[5]

[7]

[11]

[13]

[34]

[35]

[31]

[36]

[40]

[42]

[86]

[87]

[88]
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volve greater equipment costs and computational com‐
plexity. The integration of 2D and 3D approaches 
strikes a balance between cost, accuracy, and opera‐
tional feasibility, achieving high measurement accura‐
cy for sheep under different conditions by combining 
the advantages of both methods. However, as shown in 
the existing data in Table 8, no documented 2D-3D fu‐
sion solutions for sheep body dimension measure‐
ment have been reported in the literature to date. 
Such integrated approaches are expected to play a 
more significant role in the future of smart farming 
and automated body measurement for sheep, particu‐
larly in application scenarios that demand high accu‐
racy and robustness.

4.1　Integration framework and key techni⁃
cal workflow　

Most existing 2D-3D integration studies follow 
the steps of joint calibration, synchronized acquisition, 
2D keypoint extraction and 3D mapping[88]. Joint cali‐
bration is performed once via rigid mounting of RGB 
and depth sensors to determine intrinsic and extrinsic 
camera parameters, ensuring re-projection error re‐
mains within a defined pixel threshold. Temporal 
alignment is achieved using either hardware triggering 
or synchronized frame indexing to avoid motion blur-
induced landmark shifts. 2D keypoints are detected in 
RGB imagery. These pixel coordinates are back-pro‐
jected into camera space using intrinsic parameters 
and associated depth values, and then transformed into 
world coordinates via extrinsic parameters, completing 
the 2D-3D mapping. As shown in Fig. 13, the schemat‐
ic diagram illustrates the principle of mapping 2D key‐
points to 3D space, which is drawn with reference to 
the 2D-3D fusion keypoint projection logic[86]. The 
original study realized keypoint localization for pig 
body measurement through this mapping principle; 
this paper, combining with the morphological charac‐
teristics of sheep (such as compact body size and dis‐
tinct limb proportions from pigs and cattle), has made 
targeted adjustments to the selection range of key‐
points and the adaptability of coordinate transforma‐
tion during the mapping process to meet the actual 
needs of sheep body measurement.

After obtaining the keypoint P in the RGB image 
via a two-dimensional keypoint identification method, 
the camera's intrinsic parameters are used to establish 
a mapping between P and its corresponding three-di‐

mensional point Pc in the camera space. This process 

serves as the critical bridge for achieving 2D-3D fu‐

sion in body size measurement[86]. The relationship be‐

tween P and Pc is presented in Equation (1).
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Where, (u, v) and (x, y) are the pixel coordinates 

and image coordinates of P, respectively; (cx, cy) refers 

to the pixel coordinates of the 2D image center, a cali‐

brated intrinsic parameter of the camera; f is the cam‐

era's focal length; and (Xc, Yc, Zc) are the 3D coordi‐

nates of Pc in the camera coordinate system. Specifical‐

ly, the 3D coordinates (Xc, Yc, Zc) of Pc are first derived 

through the transformation of the intrinsic matrix us‐

ing the aforementioned variables, and these camera-

space coordinates are subsequently converted to world 

coordinates via extrinsic parameter calibration to com‐

plete the calculation of sheep body measurements.

4.2　Keypoint detection in 2D-3D integration

In 2D-3D fusion frameworks, accurate 2D key‐

point extraction is the core factor influencing overall 

measurement precision. Researchers have proposed a 

variety of technical solutions tailored to different live‐

stock species for 2D keypoint recognition. LU et al. [89] 

used a YOLOv4 model to detect regions of varying siz‐

es in 2D images, training with randomly initialized pa‐

rameters to identify head, rump, and body areas for 

pig keypoint extraction. ZHAO et al. [90] applied YO‐

LOv5 for cattle landmark detection, followed by Can‐

ny edge detection and contour extraction to obtain the 

relevant anatomical outlines, then used polynomial fit‐

ting and three-point arc curvature algorithms to identi‐

fy keypoints. XU et al. [87] employed convex hull and 

camera view point 2D pixel point 3D point

Fig.13  Schematic diagram of 2D-to-3D keypoint projection for 

sheep body measurement
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maximum external contour analysis to extract pigs' 
head-tail, shoulder-rump, and height-related land‐
marks. DU et al. [86] used manually annotated body 
parts of pigs to train DeepLabCut models for keypoint 
detection, enabling high landmark accuracy for small-
sample or species-specific cases. In addition, targeting 
the demand for Mongolian horse body measurement 
keypoint detection, LI et al. [88] enhanced YOLOv8n-
pose by incorporating deformable convolution in the 
C2f module, adding shuffle attention, optimizing the 
loss function, and dynamically tuning learning rates 
via cosine annealing. The resulting DSS-YOLO model 
achieved 92.5% average precision, significantly im‐
proving accuracy for specialized species and providing 
technical reference for less widely studied species 
such as sheep.

From the perspective of technological develop‐
ment, current 2D keypoint extraction has established a 
technical roadmap characterized by "object detection 
models as the primary approach, supplemented by tra‐
ditional image processing methods". This framework 
aligns with the overall workflow of 2D-3D fusion 
and provides a foundational technical reference for 
understudied species such as sheep. Among the vari‐
ous methods, the YOLO series models (v4, v5, v8) 
have become the mainstream backbone architecture 
due to their superior object localization capabilities, 
offering rapid and accurate measurement point inputs 
for subsequent 3D mapping[88-90]. Some studies have 
further optimized keypoint capture under complex 
postures or occlusion by integrating modules such as 
deformable convolutions and attention mechanisms, 
thereby reducing the impact of keypoint drift on 3D 
mapping accuracy.

However, current 2D keypoint extraction meth‐
ods still face several challenges that affect the practi‐
cal application of 2D-3D fusion solutions in livestock 
body measurement. Most models are trained and opti‐
mized for specific species like pigs, cattle, or horses, 
lacking cross-species adaptability. When directly ap‐
plied to less-studied species such as sheep, or to indi‐
viduals at different growth stages, detection accuracy 
tends to decline significantly, which in turn compro‐
mises the accuracy of subsequent 3D mapping. Fur‐
thermore, existing methods demonstrate limited ro‐
bustness against real-world disturbances. In practical 
farming environments-where issues such as sudden 
lighting changes, hair occlusion, or cluttered back‐

grounds are common-both the part recognition per‐
formed by object detection models and the contour ex‐
traction executed by traditional algorithms are prone 
to keypoint drift or misjudgment. This ultimately leads 
to deviations in the 2D-to-3D mapping process.

5 Challenges and prospects 

5.1　Building large-scale and high-quality 
datasets　

5.1.1　Limitations of existing datasets　
Publicly available datasets for sheep body size 

measurement remain scarce and exhibit the following 
limitations.

(1) Limited sample size. Most datasets used in 
current studies contain only dozens to a few hundred 
samples, which is insufficient to represent the diversi‐
ty across breeds, growth stages, and environmental 
conditions.

(2) Lack of diversity. Existing datasets predomi‐
nantly focus on a single breed or a specific growth 
stage, with limited coverage of different breeds, rear‐
ing environments (e. g., indoor vs. pasture), and vary‐
ing illumination or background conditions. For in‐
stance, although [17] included a relatively large sam‐
ple size (350 individuals), it was restricted to a single 
breed, lacking cross-breed variability.

(3) Inconsistent annotation standards. The accura‐
cy and consistency of annotations significantly influ‐
ence model performance. However, most datasets are 
annotated independently by research teams without 
unified protocols. For example, WEI et al. [42]  achieved 
sheep body segmentation based on deep learning, and 
the subjectivity in its manual annotation process may 
cause slight deviations in the labeling results.

(4) Scarcity of open datasets. Despite references 
to dataset construction in the literature, very few datas‐
ets are publicly accessible. Most datasets are only used 
internally by research teams for model training and 
validation, lacking an external sharing mechanism, 
which restricts the verification of various innovative 
sheep body measurement models.
5.1.2　Impact of small-sample datasets on mod⁃

el generalization　
The prevalence of small-sample datasets in sheep 

body size measurement research adversely affects 
model generalization in several ways.
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(1) Overfitting risk. Models trained on small data‐
sets are prone to overfitting, performing well on train‐
ing data but poorly on unseen data.

(2) Limited generalization capability. Small datas‐
ets fail to capture the full variability of real-world 
farming conditions. As a result, models often underper‐
form when exposed to new environments, lighting 
variations, or animal postures.

(3) Challenges in model optimization. Small-sam‐
ple datasets restrict the optimization space of sheep 
body size measurement models.
5.1.3　Recommendations for future dataset 

development　
In the future, it is necessary to construct 2D and 

3D datasets for sheep, covering data of different 
breeds, growth stages and environmental conditions, to 
improve the robustness and adaptability of the models.

When collecting image data, it is required to re‐
cord the manually measured body size, body weight, 
age and other metadata in a matched manner, thus 
forming a multi-modal fusion dataset.

A standardized annotation operation process 
should be formulated to clarify the definition of key 
points, annotation tools and annotation accuracy re‐
quirements, to avoid subjective annotation deviations. 
The mode of automatic pre-annotation combined with 
manual correction should be adopted: traditional geo‐
metric algorithms are used for data pre-annotation, and 
manual revision is further conducted to correct the an‐
notation deviations.

5.2　Application of deep learning methods　

As the core foundation of sheep body size mea‐
surement, 2D keypoint detection currently adopts YO‐
LO[88-90] series models as the mainstream framework. 
To further meet the needs of practical sheep farming, it 
is necessary to optimize the network structure, conduct 
model compression, pruning, quantization, and other 
techniques. These optimizations aim to reduce compu‐
tational load and parameters while maintaining high 
accuracy, ensuring better adaptability to on-site de‐
ployment in pastures.

Current 3D point cloud filtering mainly relies on 
the fusion of traditional multi-algorithms, such as pass-
through and statistical filtering [44] and improved k-
NN[32]. These methods require manual parameter ad‐
justment and face difficulties in cross-breed transfer. 
Although some studies have applied PointNet++ to 

point cloud filtering [43], its potential in sheep body size 
measurement scenarios has not been fully exploited. In 
the future, targeting characteristics of sheep point 
clouds (e.g., sparsity and wool interference), optimiza‐
tion of local feature extraction can be implemented to 
further improve filtering accuracy.

3D registration still primarily relies on heuristic 
algorithms such as ICP [40]. While these algorithms 
achieve relatively high accuracy, they are sensitive to 
initial positions, dependent on point cloud overlap, 
and easily affected by equipment displacement and 
sheep posture changes. In the future, deep learning-
based registration algorithms such as robust point 
matching network (RPMnet) [91] and GeoTransformer[92] 
can be introduced. These models can realize non-rigid 
registration by learning point cloud features, reducing 
reliance on initial positions and overlap. This will en‐
hance adaptability to sheep posture changes and local 
occlusions, thereby optimizing the alignment effect of 
multi-view point clouds.

Current mainstream algorithms for 3D body seg‐
mentation include deep learning models such as Point‐
Net++[42] and improved PointVector++[52], as well as tra‐
ditional methods like region growing[34] and slice clus‐
tering[36]. With the development of algorithms such as 
PointTransformer[93] and PointNeXt[94], these newer 
models focus more on local feature extraction, en‐
abling better adaptation to the irregular body condi‐
tions of sheep and thus providing further insights for 
sheep body size measurement.

5.3　Large-scale application and deploy⁃
ment

(1) Develop lightweight models. To meet the 
needs of practical sheep farming, further in-depth re‐
search should be conducted on computer vision-based 
body size measurement methods with a focus on light‐
weight design. Through techniques such as model 
compression, quantization, and pruning, the computa‐
tional complexity and storage requirements of the 
models can be reduced, enabling them to operate effi‐
ciently in resource-constrained environments.

(2) To address the scarcity of research on body 
size measurement for smaller sheep body parts such as 
shank circumference, future efforts need to enhance 
the ability to recognize and measure curved structures 
from aspects including posture standardization, 3D 
segmentation optimization, and multi-modal data fu‐
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sion, thereby improving the measurement accuracy of 
curved data.

(3) In existing studies, the body size measure‐
ment technology based on 2D and 3D data fusion has 
been effectively verified and demonstrated excellent 
performance in livestock such as cattle and pigs, pro‐
viding important technical references and practical in‐
sights for sheep body size measurement. In future re‐
search, it is imperative to promote the integrated appli‐
cation and adaptive optimization of such low-cost, 
high-robustness multimodal vision systems in sheep 
farming scenarios.

(4) Cross-species technological exchange. Sheep 
body size measurement can benefit from knowledge 
and techniques developed for other livestock, such as 
cattle and pigs. Future collaboration across animal 
measurement research communities, through data shar‐
ing, experience exchange, and joint technology devel‐
opment, can drive mutual progress. Adopting ad‐
vanced methods from other species could help address 
specific challenges in sheep measurement, thereby im‐
proving both accuracy and efficiency.

6 Conclusion 

This paper reviewed three major non-contact mea‐
surement approaches: 2D image-based body size mea‐
surement, 3D point cloud-based body size measure‐
ment, and integrated 2D-3D morphometry, and dis‐
cussed their applications in livestock such as sheep, 
pigs and cattle. Among these, the individual 2D and 
3D measurement techniques have been explored in 
sheep as well as various other livestock including cat‐
tle and pigs, where the mature technologies developed 
for other livestock provide valuable insights for sheep 
body size measurement. In contrast, while the integrat‐
ed 2D-3D morphometry has been validated to balance 
accuracy and cost-effectiveness in livestock such as 
cattle, pigs, and horses, no relevant reports on its appli‐
cation in sheep body size measurement have been 
found, offering further research directions for this 
field. The implementation methods of 2D-3D integrat‐
ed measurement were introduced, followed by a de‐
tailed comparative analysis of measurement accuracy 
across various 2D and 3D image processing tech‐
niques, as well as landmark detection strategies for 
both modalities. Additionally, a comprehensive com‐
parison of existing body size measurement methods 
was conducted.

Existing works remain predominantly based on 
small datasets, and research on measuring small body 
parts of sheep such as shank circumference is even 
scarcer. The limitations of traditional 2D image pro‐
cessing algorithms were analyzed, particularly their 
weak generalization and adaptability to new imaging 
scenarios or modalities, which often necessitate com‐
plete algorithm redesign. Trends toward combining 
deep learning with traditional methods in 2D process‐
ing were highlighted, alongside the sensitivity of con‐
ventional 3D registration algorithms to initialization 
and the emerging potential of deep learning for 3D re‐
construction, segmentation, and landmark localization.

Challenges in constructing accurate 3D point 
cloud models for sheep were discussed, along with 
prospects for this field. As deep learning, computer vi‐
sion, and 3D reconstruction technologies are increas‐
ingly applied in livestock body size measurement re‐
search, sheep body size measurement technology can 
draw on and co-evolve with relevant technologies for 
other animals. Ultimately, how to further promote the 
practical application and implementation of intelligent 
sheep farming remains a direction for future research 
to explore-requiring a balanced consideration of mod‐
eling precision, algorithmic real-time performance, 
computational efficiency, and overall system cost in re‐
al-world scenarios.
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羊只体尺测量的研究进展：从二维视觉到

三维重建及2D-3D融合

戴维娇 1， 梁禹东辰 1， 周 勇 2， 姚 超 1， 章 程 1，3， 

宋永健 4， 李国亮 1， 田 芳 1，3*

（1. 华中农业大学 信息学院，湖北武汉 430070，中国； 2. 金昌市畜牧兽医总站，甘肃金昌 737100，中国； 3. 华中农业大学

农村农业部智慧养殖技术重点实验室，湖北武汉 430070，中国； 4. 香港中文大学 化学病理学系， 香港 999077，中国）

摘 要： ［目的/意义］在精准育种的全基因组选择工作中，羊的体尺参数是评价其生长发育与育种价值的重要依

据。传统人工测量方法效率低、误差大，且易导致羊应激，难以满足精准养殖需求。本文概述了羊只体尺测量技

术的研究进展、应用以及分析发展方向，为羊只体尺非接触测量提供理论参考与实践指引。［［进展进展］］ 系统综述了基

于二维图像、三维点云，以及二维与三维融合技术的三类主流羊体尺特征提取方法的技术原理、关键算法、测量

精度及应用现状。基于二维图像的方法，通过人工构建几何特征或采用深度学习关键点识别算法实现测量，其优

势在于成本低廉、操作便捷，但其测量结果易受拍摄视角与光照条件干扰，且难以获取关键的围度参数。基于三

维点云的技术能精准重建羊只三维模型，可全面获取包括围度在内的各类体尺数据，精度显著提升，然而该技术

面临设备成本高、点云数据处理复杂，以及对动物姿态变化敏感等挑战。作为前两者的结合，二维与三维融合技

术旨在取长补短，在牛、猪等家畜上已得到有效验证并展现出优异性能，为羊只体尺测量提供了重要的技术借鉴

与实践思路。［［结论结论/展望］ 综合分析显示，未来研究应构建大规模高质量数据集；研发轻量级、泛化性强的人工

智能模型；优化三维点云处理流程，推动低成本高鲁棒性视觉系统在养殖场景中的集成应用；通过位姿标准化、

精细三维分割策略和多模态数据融合，重点提高曲线参数测量 （如胸围、腹围和小腿围） 的精度；将羊只与其他

动物体尺测量技术相互借鉴和协同发展以加速羊只体尺自动化测量技术的产业化，支撑智慧牧场建设。

关键词： 智慧养殖；计算机视觉；图像识别；三维重构；2D-3D；体尺测量
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