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Body Size Key Point Detection Method of Dairy Goats Based on
Improved YOLO v8n — pose

Li Shugin Wang Jingchao
(College of Information Engineering, Northwest A&F University, Yangling, Shaanxi 712100, China)

Abstract; Aiming at the challenges posed by the highly variable postures of dairy goats, which result in
difficulty in extracting edge contour features and frequent misdetection or omission of body size keypoints,
an enhanced keypoint detection method was proposed based on an improved YOLO v8n — pose
architecture. Firstl, a C2f_ Ghost module was integrated into the backbone network to enhance the
model’s feature extraction capability while maintaining its lightweight nature, making it more suitable for
real-time applications. Secondly, a dual-domain selection mechanism (DSM) was designed to emphasize
edge-related information in both spatial and frequency domains, thereby enhancing the model’s sensitivity
to boundary features and improving the localization of keypoints near complex contours. Thirdly, a global
attention mechanism ( GAM ) was employed to effectively capture long-range dependencies and global
context, which strengthened the interaction and structural consistency among keypoints. Experimental
results showed that the improved model achieved a mAP, 5 of 94. 5% , outperforming YOLO v8n — pose by
3.3 percentage points while reducing parameters and computation. Compared with mainstream models,
HRNet, Lite — HRNet, YOLO v5 — pose, YOLO v7 — W6 — pose, YOLO v8s — pose, YOLO — NAS —
pose —N, and YOLO 11n — pose, mAP, ; was improved by 4.3, 5.0, 5.9, 3.7, 3.2, 3.0, and 3.5
percentage points, respectively. The mean absolute errors for body height, withers height, body length,
chest width, abdominal width, and chest girth were 3.43 ¢m, 3.21 ¢m, 3.27 em, 1.33 ¢m, 1.34 cm,
and 5. 64 cm, with mean absolute percentage errors of 4. 72% , 4.36% , 4.26% , 6.21% , 4. 84% , and
5.83% , respectively. After coordinate correction, chest girth error was further reduced to 4. 63% . These
results demonstrated the effectiveness of the proposed method in improving keypoint detection accuracy
which can provide technical support for dairy goat body measurement.

Key words: dairy goats; key point detection; YOLO v8n — pose; sheep body size measurement
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Fig.2 Diagram of key points of dairy goat body size
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Tab.2 Performance of key point detection models
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Tab.4 Body size measurement results of dairy goats

I RAE B AR E/em FHYR T 4 AR 2/ %
i 3.43 4.72
T 3.21 4.36
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g el 5. 64 5.83
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Fig. 11  Body size information measurement error
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Tab.5 Chest measurement results at different tilt angles

SR P 0° ~45° 45° ~90° KF 90°
MAE/cm 4.16 4.28 4.89 5.95
MAPE/ % 4.42 4.53 5.11 6.32
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Detection results of non-standard posture
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Fig. 14  Detection results under different light conditions

B AN [ 3 it il iz A P 06, 78 W0 5 R0 4R
EIFRE TR R R % B S R R RO R
6 ~48 H o 15 [FIFEEF O A 1] A 1A 2 A4S P A
Y SCBE RURE DN ATE 55 HEAT EAN o ARG 45 SR n AT 15
Ji7R o 1S AT R TR R A T RE S RO HE R
WU S LB SCBE A A 5 W RS A e — 2
RO R AF 0 85 5 Al SR SR, TR A
R X A S JFC A T R S X3, 30 5 8 B A
TSR, S BICHR 73 5% B A S VN B 32 B — E R

e _F R DX, S s A7 7E 1) P B 1) B G, 0 oL
FF SRR, 45 R WA W 6 A L R
B 45 52 2R O 5 AR, BB AR i % 5% B a5 ARG DM O
T AT A7 e 2 — A 25 18]

Sy ik — A B i LAY iz A, B G SR
THZHAKMEITRT ZHELR . 5E
YL AEAE A S SRS 5 1R R R 4 AT RE A2 3
A TR) 40 B R B KO IR PR 05 A 5 W, 0 o) B X A
S R AT T8, 2R A 16 Fis . i



%14 1)

AR . BT B YOLO vBn — pose B3 1Ly = A R SG B 5 A% I 5 1% 71

BlLS N [) 35 B Bl 00 25 2R
Fig. 15 Test results of different sheep breeds

() ot () 4
K16 A [ 37 5 47 37 A ) 245 2R

Fig. 16  Test results of various farming conditions
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