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Segmentation Model of Cow Body Parts Based on
YOLO v8n — seg — FCA — BiFPN

ZHANG Shujin'? XU Xingshi'? DENG Hongxing'>  WEN Yuchen'? SONG Huaibo'*
(1. College of Mechanical and Electronic Engineering, Northwest A&F University, Yangling, Shaanxi 712100, China
2. Key Laboratory of Agricultural Internet of Things, Ministry of Agriculture and Rural Affairs, Yangling, Shaanxi 712100, China)

Abstract; The fine segmentation of cow body parts has significant applications in research fields such as
cow body condition scoring, posture estimation, behavior recognition, and body measurement. Due to the
limited practicality of existing segmentation methods for different cow body parts, an improved YOLO v8n —
seg model named YOLO v8n — seg — FCA — BiFPN was proposed for cow body part segmentation tasks.
The improved model added FCA channel attention mechanism to the YOLO v8n backbone feature
extraction network to better extract the geometric feature information of small targets, and used repeated
weighted bidirectional features in the network feature fusion layer. The BiFPN was used to achieve the
purpose of increasing the coupling of features at each scale. In order to validate the model performance,
side-view images of cows at the channel were collected for network training. To ensure the quality of the
dataset, the structural similarity algorithm was used to remove similar redundant images, resulting in a
total of 1 452 images. LabelMe software was used to label the target cows, which were divided into eight
parts, forelimbs, hindlimbs, udders, tails, belly, head, neck, and trunk, and was sent to the training

model. The test results showed that the precision was 96.6% , the recall was 94.6% and the mean
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average precision was 97. 1% , the parameters number was 3.3 x 10° | and the detection speed was 6. 2 /s.

The precision of each part was from 90. 3% to 98.2% , and the mean average precision was 96. 3% . The

YOLO v8n — seg — FCA — BiFPN network could realize accurate segmentation of various parts of dairy

cows. Compared with the original YOLO v8n, the precision, recall and mean average precision of YOLO

v8n — seg — FCA — BiFPN were 3.2 percentages points, 2.6 percentages points and 3.1 percentages

points higher than that of YOLO v8n —seg, respectively. The precision under occlusion was 93. 8% , the

recall value was 91. 67% , and the mean average precision was 93. 15% . The volume of the improved

model remained unchanged and had strong robustness. Under occlusion, the precision was 93.8% , the

recall was 91. 67% , and the mean average precision was 93. 15% . The overall results showed that the

research can provide necessary technical support for precise segmentation of dairy cows’ body parts.

Key words; dairy cows; body part segmentation; semantic segmentation; FCABasicBlock; BiFPN;
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H £ RIS S AMDR7 — 5800H with Radeon Graphics
16CPU@ 3.20 GHz, ¥ ~ #I 5 Jy NVIDIA GeForce
RTX 3060, 2% HESE K PyTorch 1.9, 4 i A 1%
& PyCharm, 4R #2155 & Python 3.7,
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) HABRRAS , Nano RAS AT 76 O SIE RS B2 Y (5] IR st 2 462
RZHcR S, i 4 Fos .

Backbone

’
|
|
|
1
|
\

Output 4;“% C2f <«— Concat <— Upsample < (C2f €«— Concat €«———————— Upsample

Input.— CBS —» CBS —>» (C2f — CBS —> C2f —> CBS —» C2f —» CBS —>» (C2f —>» SPFF

CNS ———>» Concat —>» (2f —>» (CBS ———>» Concat > C2f

AT AT YOLO v8n A5 B 5= %2y LA F 5 Bk
I

(1) $F1E $2 B JZ ( Backbone ) : 3= T 45 1iE 42 B W)
246 5K FE 5 o B Jea 38 I 4 20 T X ik 4 S B 9 4
b i 10 3 A ] 9 2% B AR A% 1 L 3255 CNIN R 2 ) fiE
T, 7 S3CSR TRASRs B 2 A% [ JE 5 et 1T C2 A5 Bl A 7ffy
SRVE R A i Y (] N AR A BT R RS A R
Xf 23 0] 4 5~ 15 b fk 45 #9 ( Spatial pyramid pooling,
SPP) P HEAT T Mk, B e A TR 4 8 AL
(Spatial pyramid pooling-fast, SPFF ) 4% f4) 47 55 15 B #i
L

CNS —>» Maxpool2d Maxpool2d Maxpool2d Concat —>» CBS 1
T i Conv2d

—>» BN —>» SilU

El 4 YOLO v8 [ 4% 45 44 &
Fig.4 Network structure of YOLO v8
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%2 YOLO v8n-seg— FCA — BiFPN & B &£ R
Tab.2 YOLO v8n —seg— FCA — BiFPN model

training results %
AL H % FENIE S ST YR E
T I 98.1 98.7 99. 4
J5i e 95.3 9.5 98.0
A5 96. 0 92.6 97.1
B 90.3 82.0 87.9
iR 97.9 98. 4 98.8
P 98.2 96. 2 97.8
R 97.2 95.9 98.6
LIS 97.6 96. 2 98. 4

3.2 HWimE

AR S8 A [5) F0SA07 38 4 12T 0 R A A 00, 00 4
e 5 AN A3 5 T A [ 38 A3 Bl 5 14 PR, G D AE
Ze b5 i G D 288 ) 5 A ) 4 R A R A N A R
a7 Bz, Al LU 0B G A U PRI AT
PHAE 2T A A 37 5T W W A B AL 23 B 2 AT A 1R
BIRCR

[l 7 YOLO v8n —seg — FCA — BiFPN 4G Il %t 5%
Fig.7 YOLO v8n—seg— FCA — BiFPN detection effect

3.3 AESEEEERIER

kg A RS TR S 5 2 A D 6 R T AR AR BF
FXAE5 YOLO v8n — seg — FAC — BiFPN 4% %Y 44 [F] 1)
N4 DL B K46 B P YOLACT + + 7' Mask R —
CNN*' L) Je YOLO v8n — seg 3 FiBERUMEAT T 1k REIT
i, & B 2 I 25 250 #5 Uk, U 2k 45 R % 3
B 7R o 126 3 AT, 5 Bk AL AL YOLO v8n — seg

R3 AMLOISBRBNIKE LR

Tab.3 Results of four instance segmentation models

R K8 %/ % 7 I %/ % SRS I % S VA S
YOLACT + + 79.8 81.1 83.5
Mask R — CNN 83.1 85.6 86.4
YOLO v8n — seg 93.4 92.0 94.0 3.1x10° 1.20 x 107
YOLO v8n —seg — FAC — BiFPN 96. 6 94.6 97.1 3.3 x10° 1.21 x 107
AH I, YOLO v8n — seg — FAC — BiFPN 7F 2 % & F1 7% 3.4 YEhscIy
MIBEEEARFEARZENHE T, iR 3.2 3.4.1 REEREJIHLEI N HF YOLO v8n — seg 1
A, A RS 2.6 A4S H 4 a5, mAP R T Ak

3UAE . HHARPIFERAH L, YOLO v8n —
seg — FAC — BiFPN (¥4 i % 53 5| %= T YOLACT +
+ il Mask R — CNN #7% 16. 8 13.5 N 43 4, A
[ % & T YOLACT + + Fl Mask R — CNN #i I
13.5.9.0 ™ 4 &, mAP & T YOLACT + + #l
Mask R — CNN #5581 13. 6 ,10. 7 475 40 A, A5l
TE A 8148 55 H Al B A AH 3T 19 1% B0 T, 3R I FE RS
B 8 m AP 55 77 T AP0 B, Tk B AS BF 58 455 84 ) 52 mT
A7, AR ST 1 B R 5 A A A o 4y ) 2 T
TR

VA TE R T HLEI X YOLO v8n — seg [ 44 1L fiE
P TR AR, S5 g3 i kT AR R 0 L R Bk
( Convolu-tional block attention module, CBAM ) 2
SE FI FCA T 5 Sy AL 0T 9 48 FE A7 dhoitk . 4% oot A
TUYN 5 R B 09 250 B Uk, ISR RN 5% 4 s,
ZERFEW , 5 YOLO v8n — seg — CBAM #H [, YOLO
v8n —seg — FCA BIAIE Z ¥t 7% sl is 55 i 5 A I
MR AL ETER T BRI 0. 1 AN 20 5,
A WAETE2.0 AH5r L, mAP 271 0.6 S 7 A
5 YOLO v8n — seg — SE #H [t , YOLO v8n — seg — FCA

x4 3IMEEAVGIMERE

Tab.4 Performance of three attention mechanisms

T A K%/ % A2/ % S5 KG BE A/ % ESE BB U/ (s
YOLO v8n — seg — CBAM 95.4 92.7 96.5 3.2x10° 1.20 x 107 6.7
YOLO v8n — seg — SE 95.4 95.0 97.0 3.2x10° 1.20 x 10’ 6.7
YOLO v8n — seg — FCA 95.5 94.7 97.1 3.2x10° 1.20 x 107 6.7
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FEARAE . 1 B3R Al A, FCA 3 & 1 HL 25 & 18
PR
3.4.2 BiFPN i fF YOLO v8n — seg P fE HL 3%

4 B - M 5 3F YOLO v8n — FCA — BiFPN [ 4%
PERE, A SC X5 L Bl 2l 2 RE AR 42 B2 ) YOLO
v8n — seg — FCA 5 7 55 5 ok 3 5F AE Gl & )2 19

YOLO v8n — seg — BiFPN #5403 5 fion, W
X5 AT AR AIA L YOLO v8n — seg — FCA,
RioRETE L LA 20580, AT YOLO v8n — seg —
BiFPN KR K ff < 9 1] 5211 2500 52 454 {8 53 1) 2
5 0.8.,0.5.0. 3 N H 4k, SHCE IF rlis B G
D RE A 1 BB S3 B rT 1, YOLO v8n — seg —
FCA — BiFPN 45 78 gl it 75 X B A Bl 73980 20 4 1 O
WA AL TR Uy

&5 YOLO v8n—- FCA - BiFPN [ 4% {4 &k
Tab.5 Performance of YOLO v8n — FCA — BiFPN

T K%/ % AR/ % TR E % i TRERE MM/ (s
YOLO v8n — seg — FCA 95.5 94.7 97.1 3.2 x10° 1.20 x 10’ 6.7
YOLO v8n — seg — BiFPN 95.8 94.1 96.8 3.3x10° 1.21 x 107 6.5
YOLO v8n — seg — FCA — BiFPN 96. 6 94.6 97.1 3.3x10° 1.21 x 107 6.2
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Tab.6 Impact of different parts of a dairy cow being obscured on recognition effectiveness %
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Fig.8 False detection and missed detection example display
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