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Identification of group-housed pigs under aggression situations
based on improved YOLOvV10s

Chen Chen Jiang Yi Zhu Weixing

(School of Electrical and Information Engineering, Jiangsu University,Zhenjiang 212013, China)

Abstract: Presently, computer vision-based pig aggression recognition mainly adopts deep learning algorithms.
However, these methods only recognize aggression from the pig herd/pairwise pigs and cannot determine which pigs
are involved in aggression. Therefore, recognizing the identity of individual pigs helps to refine aggression recognition
from the herd/pairwise level to the individual level. Regarding the influence of factors, e. g. . body deformation,
overlapping, etc. , on the accuracy of pig identification in the aggression process of group-housed pigs. an improved
YOLOv10s model IDBS-YOLOv10s for pig identification was proposed in this paper. Firstly, the InceptionNeXt-
DCNv3 was used to replace the convolution in ¢2{ in the backbone network to reduce the parameter and computational
complexity of the model, thereby enhancing the ability of YOLOv10s network to extract features. Secondly, the
weighted bidirectional feature pyramid network was used in the Neck layer to enhance the ability of the model to fuse
different feature layers. Then, the SEAM attention mechanism was added before the detection head to enhance the
ability of the model to extract key feature information of pig identities. Finally, the detection head v10detect was used
to recognize the identity of individual pigs. The identification precision of this model was 94.3%, the recall was
93. 7%, the mean average precision was 95. 8% , and the model weight was only 15. 2 MB. The results indicate that
this method can be used to recognize the identity of pigs under aggression scenes.

Keywords: group-housed pigs;identification; YOLOv10s;bidirectional feature pyramid;deep learning
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M B S A TFAE YOLOvIOs s F R A TEHAE I Hn 5

55 1

FRAE U0 % B ol . Gao S5V OR HI T B B & M
251142 1§ ¥F 24 JC (convolutional neural network-gated
recurrent unit, CNN-GRU) 11 & 15 35 50 50 8 it
Yan S5l A B ] R0 AT B AR S i B AR s )
L S RRAE LRSI s

SR, bR B GT AR B / WX o 1 o O AN g g o
WREeRE 2 50k . Rt RO B 0 A B T B 2 R
HEA /O AN ARG, e A T o I 456 4 1 - B
SN BE s BB T AR M R A R S R R T
B Oy IR BIEEE S, 0 A B R e R Y PR S Bl T 3L
BT S RS2 B4, A (A 18] 114 % 2 28 H 42 fih ™ 26 H Bk
S IINZ R SRR R R A ) SR AR S T 5 At TR e Y
X 2 R RS BT R AR T o R A e A TR, R, R
Bk RS T 5 5 BAT B A 18 .

VEARESR , FIR AT B A% S Bk )2 T B 0 R )
WFoE. Fln, Hansen 457 R A s it B9 VGG W 2530 5105 1
VI E 8 By, 240 45 4 YOLO (you only look
once) § Otsu £ B {8 4 #1 5 2 LU G 7 5% 09 & .
Wang 25" 3% Fil — By B 35 AU 22 B 4% (convolutional neural
network , CNN) US4 B4y . Lee 47 R H Tiny YOLOv3
P45 3 4 B 4y . Deng 45 SR BB B H b A 0 ) 2%
(single shot multibox detector, SSD)iH B 2355 T W54
B4,

SR, EIRITEEIER W MW T TR S0 R 0., T
& ARSI TF YOLOvVI0s fAR  —Fh B RS T 0
B 4y 193] F 3% IDBS-YOLOv10s (InceptionNeXt-DCNv3-
BiFPN-SEAM-you 10 ),
YOLOvI0™™ J& 24 /i E A i 00 45 38k 14 — Fhor B 583005, R
FH— SO0 S BL SR W 5 BR T YOLO R 501 I R B Be
e FAB 5 (non-maximum suppression, NMS) FK#fi ,
PR R BE Y A [l YOLOV10 438 6 AN AS : YOLOv10n,
YOLOv10s, YOLOv10m, YOLOvl0b, YOLOvlol I
YOLOvI0x. A #&THE Uodi 5T B9 B 43 R 500K5 52 9F
B i 3 S I R SR AR BRI EH YOLOv10s 9 4% 4
JETHRAL

AR SCHR 9 IDBS-YOLOv10s 535 5 %t % 2 il b 5t ik
TR I 1) — 1 Al 2E JB B R (deformable
convolutional networks v3, DCNv3) g B 4 1 4 #¢ f1 55 1k
JE AR 7= H (9 A8 Ak % A5 R AE 53 — J5 T InceptionNeXt BETE
AEFFRIRIVERE A TSR T BRI BRE . AN SO R AT
22K InceptionNeXt 424 3 il 5 DCNv3 4 1. LI 58
L A R AIE B2 R ) O S BB R B e R BE AR i A . 2)
AR 0] B AE 4 F 58 W 4% (bidirectional feature pyramid
network, BIFPN) A 57 4 i fill 5 U8 )2 1 SCRRAE 1R JZ 40 5
AT 7 R0 % fifk DR A SIS 5 EORG 378 350 1) R AR TR VA [ A
M4 FE A B 3 0 R ORE B, 3) R R N

(separated and enhancement attention module, SEAM)

only look once version
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1.1 #sARE

PRAT BN SR 1 25 BRORR N S R4 O 3 S5 3 32 S 0 9 R
o FTIXTGN 8 KARE B BUTFHE, %N Yorkshire Dam X
PIC, JERZRSFH 1. 78 mX 1. 88 m, I #5 £ 25 FK K #5
KR 1080 p #E4AL(CTP-TLVA29AV) 114 RGB 1 ¥ 1
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WA 30 fps. ¥+ 8 3k 26.540.52 H S AF IR I TR,
LTI A BUF 1~8, H By 7E 2R 5 R 1] i 4
BRI R S B AR, IERIRFRIE AT 3 K (9:00~
17:00) WAH , % $1A 18] W i 450 & A8 A% SR 45 78 J2 119 S0 56 40090 .
1.2 HIEEHME

o T VTARASE AL (4 5 B Oy U R R L 6 3 R A E 4T 43
A B, AR E S AR A T A 18 000 Wi, HA K 1R
9 12 300 Mi#s B8 7 ¢ 319 BL 13 4 A I 5 4 0 6 0 4 L 8 26
2.3 KM 5 700 WidE M R4, B i o RS 4 Sk
Sefi i Sk AR AT R LG AT B R L I R
HYY, R Labelimg B AR TEH AL N 8 k4% 19 & 4 1D
(Pigl ~Pig8) DA B AR 45 .
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4> A 1 & J1 (pyramid squeeze attention, PSA) fift, H
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TSI 2 i) T SR B, DT 58 1 25 1) 530 T8 000 i 252 1
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Fig. 1 Structure of IDBS-YOLOv10s model
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Fig. 2 Structure of InceptionNeXt-DCNv3 modules
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Fig. 3 Comparison of different network structures
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KT R RS TR R L, SIAT 2R ER
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Fig. 4 Structure of SEAM module
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1.8 FFMIERR
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Fig. 5 Training results
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BISZER T 0.8%.0. 4% 1 0. 2% 4 F, mAP #8545 4
BIEART 0.7%.0. 4% 0. 2% M PERERE 25, 45 R %KM,
SEAM [ PEREME T Hofth 3 Fhi 2 F1 L] .

F1 FEFEEHVEEREH I
Table 1 Comparison of the performance of different

attention mechanisms

HTEEIHLE  P/%  mAP/Y%  Params/M  GFLOPs
SEAM 93.6 94. 5 7.9 23.6
CBAM 92.8 93.8 8.1 24.7

CA 93.2 94.1 8.1 24.5
ECA 93.4 94. 3 8.0 24.5
2.3 HEXK

KT RGVEAR A B B B A St AR T T 5
AN BRI AT RS AT , IR 2 TR, SR AR AU AA L
G139k C2f-ID # B J5 B M 1) mAP.P.R /3427 1. 0%,
1.3%.2. 9%, [RIBTHAEE A S5k 7 0.6 M, 51 AN
BRI FFAE 4 7 35 ) 265 A 388 T AR T C20-1D A5 i) 2 1fE
B, mAP.P Al R 43 514&F T 0.2%.0. 2% F1 0. 3%, Al
BB 2 8 s A R m. R E, R Sk /T 50 A
SEAM B ML G B M BE AR EE T+ . m AP O 6 3 1
HE R MR 0.5%.0. 5% F1 0. 6%, [A] i 2 5 2w >
0.1 M., I, S[RINF4E G 3 Pl ok 1 5 s B, 455 780 4 8 3k )
It K . mAP. K f 2R A [l 243 51§ T+ = 95. 8% .
94. 3% 1 93. 7% . SIRARBIRIAH LK, 3X 3 A48 45 43 ) 5 B
T 2.3%.2.2% M 4. 1% W T, R B S B> T
0.7 M, ZEA RS g 45 R, BT 8 1Y 2 5K B 5 1
b7 SR RE M R A5 e I IR I AR L 180 A S PR A A 5%
ALt
2.4 AEEEEE S

R R TR AR SO T B PR ] o SO R R 5 Y T 3 E
PRI AL A Faster-RCNNM | YOLOv4™ | YOLOv5s™ |
YOLOv7™ | YOLOv8s™ | YOLOv10s, YOLOv11s""
P52 A7, iR 3 FraR, B i 4 7 5 Faster-RCNN,
YOLOv4, YOLOv5s, YOLOv7, YOLOv8s, YOLOv10s,
YOLOv11s B . mAP 43 4 F T 17.5%.11. 2%,
2.4%.2.9%.2.5%.2.3%.1.9% . IDBS-YOLOv10s #
BMSEER 7.3 MR &N 20.8 G, BLBIALE K/N N
15.2 MB, S TR b A8, Jf B, WOl 5 i) ) 26 15
#5 IDBS-YOLOv10s M40 3 B2 47 T YOLOv8s 4 5 Ffi
B, LR G X b 90 8 45 R R L AR B 5 5 R Y IDBS-
YOLOv10s # BU7E CR 45 52 1 A A0 35 9 [ B, 32 5 T IR I A
BE L XA PEREAL I I A 25 TR R A T AR ] R AR
SFR M SEAM [ 2 1 AL SRR B A RO T
FRAE Gl B8 S A SCHE S BAREEE S .

KT L IR AR SO HE Y YOLOv10s #8558 1% 4 g



MR F R TAES YOLOvIOs #9 st &R & T AR 4 1 A5 45 0]
F2 HEAEw
Table 2 Ablation experiments
FERE %
C201D  BiFPN  SEAM —— : : L : ——mAP/% P/%  R/% Params/M
Pigl Pig2 Pig3 Pigd Pigb Pigh Pig7 Pig8

— — — 93.1 94.4 90.0 94.1 96.2 95.2 91.0 95.1 93.5 92.1 89. 6 8.0

J — — 94.5 93.8 91.4 93.9 97.9 95.9 92.3 95.9 94.5 93.4 92.5 7.4

N/ N - 93.2 95.9 92.8 94.4 97.6 95.6 92.6 95.4 94.7 93.6 92.8 7.5

J - N 93.6 96.5 92.9 94.8 97.5 95.5 92.5 96.3 95.0 93.9 93.1 7.3

J J < 946 96.1 92.7 95.5 97.8 96.3 93.4 96.6 95.8  94.3  93.7 7.3
x3 AEAEHNEEXL 3P S HE ., 45T WU BT AT LR & A B

Table 3 Comprehensive comparison of different methods

B Params/ GELOPS ME/ mAP/ FPS/
MB % {ps

Faster RCNN  28.3 947.3  108.1 78.3 15.5
YOLOv4 64. 4 143.3  244.2 84.6 32.6
YOLOVv5s 7.0 16.0  13.7 93.4 173.8
YOLOvT? 103. 2 36.5  71.3 92.9 104.2
YOLOv8s 11.1 28.5 22,5 93.3 123.3
YOLOv10s 8.0 24.5  16.5 93.5 208.6
YOLOv11s 9.5 21.3  19.3 93.9 221.5
B AR A 7.3 20.8  15.2 95.8 204.4

P B A A SORE AL L5 3 A 55 8 4 L I B W 3 R T 0 AR R
B YOLOVS-DW ™ A0 2 16 4IDKE B 45 A (19 B 13 45 51
77 Biliner-CNN™" H1 2 B 4311 5] MobileNet V27" #5175
ARIF S5 40 T AT S0 56 % e, S5 SR IR 4 TR AR T 3 4K
AR L A AR T AR A, AR SO R 7 i I R T B LU
FEAf 2 A T 2SS4 RE 14 (80 AN R I 2 RE AL T oM 3 b
A

R4 SUHBRBROIRERIE
Table 4 Comparison of experimental results with the

improved model

BT P/ % R/%  mAP/% FPS/fps
YOLOv8-DW 92.3 92. 8 93.2 108. 3
Biliner-CNN 84.1 85. 6 86. 3 131.2
MobileNetV2 90. 8 90. 2 91.4 123.6
A 94. 3 93.7 95. 8 204. 4

2.5 WEHAZNERSH

MR B R B EE R E 6 TR, WL IDBS-
YOLOv10s BB X 5 78 B ik 38 Bk 72 v 7= A 09 36 52 Kb
RS L B AR A B B U R B,
K 6Ca) P R %G 2 F1 3 PEAE T E A . B 6(h)
g 2.3 A5 Z A TR E. Bl 6o g 3 M 6.0 2
A5 A TR, B T R EAR A R . B 6 (D S

BB GE ST+ AT DLAE — e TR BE I A e DR 50 ol T 3 ) 4 A
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(b) Adhesion

(a) #ERY
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