BTHE B2
2026 4 5 A

B RE AL Al 2 B < i O 98 30)

Journal of Intelligent Agricultural Mechanization

Vol. 7 No. 2
May, 2026

DOI: 10.12398/}.issn.2096-7217.2026.02.017

E T YOLO R E Ry Zh 41 R 5K 38 = 4 M 32

XAt S AHm N, RS, Sm Y

(1. TRl k(s B AR 2B, K2, 130118; 2. HAME L A TR AR sT 350, 5 MK %,
130118; 3. FARAM K 2F SRl F B R B, HARK #R,130118; 4. B¢ B , VLI Jo45 ,214105)

T E < 0] ) W M RO ik DG IR TR A 6, S B i A B R R Ak e LA R S B DG A Y A A
FEALAETE : RO A R TAE N G 25 L0038 B 5 3B 43 45 o A ASE 70 1) A W00 A 38 X DAl 2 (A JE 1 225K . ik, fF 5
B —Fp I F 2k YOLOvS-Pose 2204 (14 4% B AR AR RY | 70 0 UE S5 I (0 5] 5 A 5048 T 17 DG S i R RS 8 iz B A 7 £
50 2% 119 86 J22 LA B 3 AN A 00 Sk 22 iy 8 o A BV 2 D LR 4 D A A 15 8 AR i 0 8 3 T g v B SRR AR X G g T A
[¥] 53 45 B0 RE 7, B2 Tk G B A5 07 (RS 0 B AR E M L VR JZ J2 T RS g LR AR B Ak 2R AR B A AN 5 B LT
fr 4 Ry v UM B S R A0 5 B R 2GR R Ty o AL BRI TE P 2 T 45 5 L TR B0 Ak A B | B A i 2 RN e I A5 20T 15
BV 4 SR i SUfE B S R4 5 B 2RIR R ) o Do A AR GE i 4y 307 T T A R S A RRAE I ) 3 A Sk 4
HEARLEE 125 [E B IR AN R 2 R AR B 23 ] 50 B AR 2 o IR0 45 S0 UA T B2 HR 1 Il A58 8 7 42 3% 0 DG S S o A
AT 55 ks 35 31 82. 6%, 7B 101K Ky 81. 3% , mAPS50-95 42 FF 2 58. 1% . ## T YOLOvVS-Pose, 11 £UK; & | 7 [7] A
mAP50-95 43 45 1 21. 0% .39. 2% M 45. 3%, 12 E 44 A F1 22 48 1y 50 T 2 901 T 5 199 G J o5 v BE ) o BE TR S 40
M 3.361 MEEINZE 4. 611 M, IE L) 37. 2% s 7% s 3T H 9. 6 X 10785 i 2 10. 4 X 10°, 35 MRAL R 8. 3% o 7 4 4 i FL 2k

JEFEAANZ TR T AR RE 2 LT AR T, SR WIIZ 5 12 LA/ BB TR A A S R K Y P RE A A5 L TR B R
M) IR A R G S A X BE A TR SRR sl 0 A o T B A S AR T
KR : YOLOV8-Pose s 8l ¥y 5 i i A I ; Joy i e 11 389 55 5 A b i B0 5 B B8 4K

FERES:S24 Xk FRIRED A

X ER/S :2096-7217 (2026) 02-0182-11

XU, T, WA, S BT YOLO SR 1 3 i JOCE SR AT 7T [ 7], 8 s Ak Al e 4 2 4R (rh 98 30) , 2026,

7(2): 182—192

Liu Dihua, Si Xiuli, Zhang shumin, Ma Li. Animal body measurement keypoint detection based on YOLOv8-Pose [J].
Journal of Intelligent Agricultural Mechanization, 2026, 7(2): 182—192

0 3

T AFE AR, B RUR TN A S — Bl T H ARG I 5 RS
240 &5 K I 2 ) ) R )RR T i BTz T TR
AP 5 B S ERIAT 55 T B RE R R T, R
AR AT 43 S LIRS 22 37k H AR 09 228 547 oy Bir
DA Bz A e 4 B 2 A O & il 6% JL AT 00 B 5 = 4k R Y
Ko AU EEAT HARSH A SRR, xR R
GE ARG FEEORAMXTA R . ML Z T Al & By
B 5 Sl A RO & S5 AT 55 o, OB RS LT T 45
Ay 3, T LA D LA 0 s ) AR Y A
R o DA, 7 F KA AR S B IO P B R A 45
PRI AT 55 0, JEI8 SR B 1 OOUH I8 2 22 R AR L

il

Wk B . 2025-12-25 B 151 H 4 - 2026-02-10

RO B2 B BE 5 RUBE T e B A G B
SRR EN . CA DR I, QA e iR %
e ZETH S TR i A v Bl S ORI A
Shy it 24 I H RS S R SRR TR A R BRI
P, FE 28 N TS50, S B ARG I 52 oy b R 4H T B
AR VC I = 4E 5l A D RE

IR, X TR A5 2 R o A S 55 o
e K R TR T S A 2 O 2% 45 A RIS o TSRO A
RE DL AR5 B AR G xS I R RS E G AT Y
SR 5 T A i AR TR B L B ) A AR A A L
P BERR 2 T RE B0 G KU RLRE E o BB A AR I E
IR B 1) B REAL  F Sh Ak 7 ) K e, S A I AR 4 18
A IS 56 3 T 5 A 1] S5 B 37 5 T 2B 3 (0 A A R A R

Fe 4T H L E SR IR EN(20200136) 5 75 bR B & R I3 H (20240303066)
B—EE XA 5 1998 4E A VL PE & e N Ao AR s W5 O ] i B4 olk . E-mail: liudihuaemail@163.com
A FVER D, 2, 1980 4F A= , MK B i, 2082 9 &kl . E-mail: mali@cwxu.edu.cn



%2

X Hute 2. HET Y OLO B R Y 2l ) A ROOCHE s AG T BTF 5% 183

TIE— 5 28 (KE JEE AY TR) B 8 0 A0 L 45 4 FEASOR 3 25
il o T BESEE. CARBEWFREN, XT
YOLO™ ) 5y B H bk A5 AL 2 76 R0k 5 & O o
1B 45 W S B0 T AR B S AR B R G TR S
PEVCI AEBA SCHETRTAE ZE L YOLO-Pose Ky
AR 36 1% B [y BE vk 7 i B R | TR A P RS B A
A T EL AT B AR A, ERL O A R Y S B G B A
T TR L 75 b ) 5 PR VE 8

Zi bk 7R e Ak A I B 5 sh I R 45 =
R I 5 rh e R ELRR R 1) SR B SRS i v R E
AR 29 R Gk RE A O S, B YOLO-Pose 7
AR TR A S My AT R R AE S
Koo A A A . — T, YOLO-Pose Xt
RHE A RS AR, S 40, O R A
Oy B AT 5 AR Ak o g€ . T b AR BIE ST LA
YOLOvV8-Pose by FEAli A5 78 | X6 H b A7 816 P ek, LR
FHE 22 5 S5 R T D HE s R DN RS B R RS M, S
B ) ek 7 FH R (AL R e A R A

1 AR

1.1 REHR

A5 R T 08 32 0 Hi 4l A o - G OGS R 4
TN JFBUPE B AnimalPose ™', b A4 IE B85 R
SR T R M LLFE R OG5 A5 DL e 5 DT AE G o b
IN T AT A O bR T S 223 AR B
LA T — DA 500 7K EIR 0y H UG G 5 5 4k
Go W1ERTAFRZES AL HMARFRET S
VE R bR T FEAS .

e - i
(d) FEi (e ) AEI] UL ekt (f) %
E1 AEESAERXLEZMARRETHILXES
Figure 1 Keypoints of horses under different poses, lighting

conditions, and environmental settings
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Table 1 Correspondence of keypoints for 20 points in the dataset
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Figure 2 All applied data augmentation methods
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Figure 3 Architecture diagram of the improved YOLOv8-Pose model
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Figure 4 Coordinate attention
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Figure 5 Sharpen module
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Table 2 Results of ablation experiments

Box Point
Model Precision  Recall ~ mAP50-95 Precision  Recall mAP B ﬂ—%ié ﬁﬂﬁ?
/M /(X107 /(s )
/% /% /% /% /% 50-95/%
YOLOvS8-Pose 91.6 0.85 71.6 61.6 42.1 12.8 3.361 9.6 120
A 96.3 90.4 81.2 79.6 69.6 35.2 3.374 9.6 118
B 90.5 84.3 70.6 68.5 58.6 40.6 3.361 9.6 119
C 91 82 71.2 69.6 57.8 42.8 4.599 10.3 110
BC 90.8 83 70.7 72.6 71.8 50.5 4.599 10.3 108
AB 98.6 92.8 80.6 73.5 76.9 52.6 3.374 9.6 117
AC 97.4 95 81 75.1 78 56.4 4.611 10.4 108
ABC 98.7 95.6 84.3 82.6 81.3 58.1 4.611 10.4 105
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Figure 6 Visualization of ablation study results
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Figure 7 Keypoint loss curves on the training and validation sets
in the ablation experiments
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Table 3 Comparison experiment results
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Table 4 Mean pixel error of each keypoint on the test set under
different ablation settings

YOLOVS-
¥ v B C BC AB AC ABC

mast
Model Kith HIE mAPS0 ZM ;;_/ R/
U wmyy /v -95/% /M U

s

YOLOv3 58 49.2 13,5  4.413 14.8 95

YOLOvVS 56 50.3 12.1 2.693 7.9 136
YOLOv7 62 57 26 36.6 104 33
YOLOvS 61.6 42.1 12.8  3.361 9.6 120

YOLOvIl 53 48.3 11.8 2.94 7.8 140

YOLOv12 514 476 1.1 2.919 7.9 133
Keypoint
68 57.6 46 34.5 45.4 50
R-CNN
CenterNet 80 79.9 48.7  151.5 131 23
HRNet 89 87.8 85 63.5 131 21
DEKR 81.3 80.2 82 60 32 70

Ours 82.6  81.3 58.1 4.611 10.4 108

= pose
0 90.21 45.1 54.12 40.7 28.49 27.55 20.35 19.31
1 90.27 45.13 54.16 42.36 29.62 26.56 21.18 20.06
2 88.49 44.24 44.25 40.49 28.34 24.12 24.24 21.86
3 87.79 43.89 52.74 35.79 25.05 21.94 17.89 16.1
4 88.84 44.42 53.04 36.83 25.78 26.21 18.41 16.57
5) 67.99 47.59 40.74 30.5 21.35 23.79 18.3 16.47
6 63.12 44.18 37.87 31.12 21.78 22.09 18.67 16.8
7 76.77 53.73 46.02 34.35 24.04 26.86 20.61 18.5
8 72.09 50.46 43.54 30.19 21.13 25.23 18.11 17.3
9 80.86 56.6 40.43 42.86 25.71 24.16 25.71 24.14
10 78.52 54.9 39.26 42.5 25.5 25.35 25.5 22.95
11 90.63 63.4 45.15 37.65 22.59 26.43 22.59 20.33
12 89.79 62.85 44.85 38.79 23.24 29.18 23.27 20.94
13 99.49 49.74 49.75 42,9 25.74 23.82 21.45 19.3
14 99.75 49.87 49.85 45.7 27.42 25.96 22.85 20.56
15 98.86 4943 49.43 48.8 29.28 27.72 24.4 21.96
16 99.39 49.69 49.95 48.9 29.34 25.85 2445 22

17 97.99 63.69 48.95 43.1 25.86 28.57 25.86 23.27
18 89.41 58.11 44.05 47.21 28.32 25.88 22.32 20.04
19 99.54 49.77 49.77 47.3 33.11 24.85 23.65 21.28
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estimation via disentangled keypoint regression

Animal body measurement keypoint detection based on
YOLOv8—-Pose

Liu Dihua', Si Xiuli"?, Zhang shumin®, Ma Li*

(1. School of Information Technology, Jilin Agricultural University, Changchun 130118, China; 2. Jilin
Agricultural Artificial Intelligence Research Base, Changchun 130118, China; 3. School of Animal Science and
Technology, Jilin Agricultural University, Changchun 130118, China; 4. Wuxi University, Wuxi 214105, China)

Abstract: Accurate localization of keypoints for animal body measurement is of great importance for intelligent livestock
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health monitoring and automated measurement systems. However, existing keypoint detection models often suffer from two
major limitations: a large number of parameters which are unfavorable for deployment on edge devices, and insufficient
localization accuracy in some lightweight models that fails to meet the precision requirements of body measurement tasks. To
address these challenges, this paper proposes a lightweight keypoint detection model based on an improved YOLOv8-Pose
architecture, which effectively enhances detection accuracy while maintaining real-time performance. In the proposed model,
coordinate attention mechanisms are integrated into the shallow layers of the backbone network and before the three heads,
enabling spatial coordinate information to be effectively embedded into channel attention. This design enhances the model
ability to perceive the spatial distribution of keypoints, thereby improving the accuracy and stability of keypoint localization. In
addition, a forced sharpening module is introduced in the shallow backbone to strengthen edge and contour features,
facilitating a better balance between global semantic representation and local detail preservation. Furthermore, a high-
resolution feature branch is incorporated to provide fine-grained spatial information to the three detection heads, compensating
for the loss of spatial resolution in deeper feature maps. Experimental results demonstrate that the proposed model achieves a
precision of 82. 6%, a recall of 81. 3%, and an mAP50-95 of 58. 1% on complex horse keypoint detection tasks. Compared
with YOLOv8-Pose, the proposed method achieves improvements of 21. 0%, 39.2%, and 45. 3% in precision, recall, and
mAPS0-95, respectively, exhibiting superior robustness and localization capability under complex poses and diverse
environmental conditions. In terms of model complexity, the number of parameters increases from 3.361 M to 4.611 M,
corresponding to an increase of approximately 37. 2%, while the floating-point operations rises from 9. 6X 10’ to 10. 4 X107,
an increase of only 8.3%. Despite this limited computational overhead, the proposed model delivers substantial performance
gains without significantly affecting inference speed. These results indicate that the proposed approach achieves a favorable
trade-off between accuracy and efficiency by incurring a relatively small model cost for considerable performance
improvement, demonstrating its strong potential for intelligent livestock farming and automated body measurement
applications.

Keywords: YOLOvVS8-Pose; animal keypoint detection; local feature enhancement; coordinate attention; intelligent livestock

farming
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