20234 11 A | A R A= 54 % 4 11 )

doi:10.6041/j. issn. 1000-1298.2023. 11. 027

BT i YOLOX mEfLERESN Bl i

WepHE ERA APBR L F FHER

(FRAug Rz <5 1R B Be, MK 150030)

FEE : BEAT B AURE SR AR SR RR AL SR B AR TR T R HE bR A UK A Y R 4R T — B R T G YOLOX 1Y
B A e Ak B AR A A AL Ghost — YOLOX — BiFPN, Z 5 AI R Fl Ghost ¥ VRS e 3% 38 4 AL, 7E 08 /0 = T M 4% &
B s o R R TR A A SR BCAE f . A FH A CBAM JEFE A ALHI B BiFPN £ A5 Y Neck 3843, f 5455 50
F0 53 Rl A O [ AR BB LR AR AE 18T, I (5 ] Focal Loss 5 2% R 4IUAR DR P81 B0 358 T 4 55 7 SOME LA DX 43 114 ) R, 348 i A
BIXPIEREARY ) o SEH a5 R R, it 5 50 B X A 53 2 S A MRS B2 Oy 95. 80% , A I T2 5L IR YOLOX 5332 , A6 #g
JEERTE 2. 84 AN, SRR BEAR 63% oI5 JF AR SRR AR AL ER 25 3] Nvidia Jetson Nano #% 33 T & A, 8 4 78
FFR MR b IZBRIZAT R B, A SO SR AT 2T XS AN [F] /N S [R) Ao U v R ), A S A Ak A A R A R
XA

K % H BRI YOLOX,; [EIRAL 815 8 3livin ik & F
hES%ES . TP391 XERARIZED: A X E %S 1000-1298(2023) 11-0277-09 OSID . ¥

Lightweight Target Detection Method for Group-raised Pigs
Based on Improved YOLOX

DENG Minghui GONG Junjie ZHENG Piaoyi MA Chuang YIN Yanling
(College of Electrical Engineering and Information, Northeast Agricultural University, Harbin 150030, China)

Abstract; Aiming at the problem of low pig target detection accuracy in the complex environment in the
current intelligent breeding of group-raised pigs, a lightweight target detection model for group-raised pigs
based on improved YOLOX, Ghost — YOLOX — BiFPN was proposed. The Ghost convolution was used to
replace the traditional convolution, which greatly reduced the number of model parameters. BiFPN was
used as the model feature fusion network to effectively fuse the feature maps of pigs of different sizes, and
Focal Loss function was added in the post-processing stage, increasing the learning of the model to the
positive sample target, and reducing the rate of missed detection. The results showed that the improved
model had a detection accuracy of 95. 80% for pigs, and the number of model parameters were 2. 001 x
10”. Compared with the original YOLOX algorithm, the detection accuracy and recall were increased by
2. 84 percentage points and 3. 22 percentage points, respectively, and the number of model parameters
were reduced by 63% . Finally, the proposed algorithm model was deployed to the Nvidia Jetson Nano
mobile terminal development board. The actual operation on the development board showed that the
model proposed can guarantee the recognition rate of pigs and realize the accurate recognition of pigs of
different sizes and breeds. The research result can provide support for the subsequent establishment of
intelligent pig breeding system.
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