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Abstract: [ Objective ] In order to provide the grasping target for the sick and dead pig handling robot,
[ Method ] A new method for the identification and 3D location of dead pig head based on improved YOLOVS is
proposed. In this method, the backbone of YOLOvS5 object detection algorithm is replaced with a lightweight
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feature extraction network mobilenetv2, and the size of the obtained training weight parameters is reduced.
CBAM attention mechanism was introduced into the backbone feature extraction network to improve the
attention of dead pig head.realsenseD435 depth camera was used to acquire the target image , and the 3D spatial
coordinate imaging model was established for the pig head of the dead pig.The comparison experiment and
localization experiment are designed to verify it. [ Result] Compared with the YOLOvS feature extraction
network , the lightweight processing backbone network can reduce the weight file size from 13.7 MB to 5.9 MB, a
reduction of 56%.The introduction of CBAM reduces the detection speed of a single image from 17.9 ms to 11.6 ms,
a decrease of 6.3 ms.The average error of the 3D positioning model constructed by the realsenseD435 depth
camera in the X, Y and Z axes is 0.021 m,0.023 m and 0.042 m, respectively, which are all less than 0.05 m.
[ Conclusion | The improved YOLOvS5 object detection model can effectively reduce the weight file size and
improve the detection rate. The 3D positioning model constructed by the realsenseD435 depth camera can
accurately locate the head of a dead pig and calculate its 3D spatial coordinates. Therefore, based on the
improved YOLOv5 pig head recognition and three—dimensional positioning method , it meets the identification
and positioning requirements of the pig handling robot.
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Fig.1 Images of sick and dead pigs under different shooting conditions
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Fig.2 Images of sick and dead pigs that do not meet the criteria
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Fig.4  Structure of YOLOv5
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Tab.l1 MobileNetV2 feature extraction network structure
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304%%x32 Inverted_residual 1 16 1 1
304’%16 Inverted_residual 6 24 2 2
1522x24 Inverted_residual 6 32 3 2
76°%32 Inverted_residual 6 64 4 2
38°x64 Inverted_residual 6 96 3 1
382%96 Inverted_residual 6 160 3 2
19°x160 Inverted_residual 6 320 1 1
19°x320 Convolutional - 1280 1 1
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Tab.2 Experiment platform configuration
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MAAZEL  Version parameter
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P A7 (Internal memory)

2K (Graphics card)

AE R 45 (Operating system )

A (Compiler software)

WP 2% 2 HESL (Deep learning framework )
Cuda iz 4= ( Cuda version)

Python JifitZ (Python version)

Intel (R) Core(TM )i9-12900k 3.20GHz
64GB
GeForce RTX 3090
6411 Windows11
Visual Studio Code2016
Pytorch1.7.1+Torchvision0.8.2

11.0
3.7

YOLOVS (R WS 5000 3 ANHE , B EAL S (o, y o0, b, ) SASEL T B PR REL 2 2057
OIRMEARIE 338, s (4) s, BB O O SE g s (i = AR TR 22 , 70 B R O S e 1l H i
A pR s BAR R AR A bs 5 B bR R IR 2



55 3 3] LM AL T UG Y OLOVS R FEAE 3 Sk O U5 K = 45 o 7 12 - 769 -

Loss = 5 X (xy,.. + wh,.)+ 1 X class, + 1 X oc,,.. + 0.5 X nc,, (4)
K (4) T : Loss S JAE s wy,, A RFRE I B AR oo 5O I A% 22 _E A IR S S 042K 5 wh,, R e B HE 1)
K TERK s class,,, W IPIEIR2E s 0, H ne,, 300 0 HAR S5 HE B bR EAF BERHUE™ . Al 6 Frs , il 2l
Yk 50 FE U0, MUY A5 2R pRECTE 20 F8 2 AT ICSUIR B2 AR, 5 30 A8 Z SR e suta TR E , B AR (B T
BARAKT . WIS R YOLOVS-CBAM LA & YOLOvS-MobileNetV2 HA AR i SLRE 77 , I 28051

st
BT BRBCEE IR A B
HIRBE B R0 R R R RS AR el

JERES B ST E ARSI A e | ik 2 S

i 7 r7x , YOLOv5—MobileNetV2 5 YOLOvS-
CBAM TE R4 F T XHRBE B R Oz s 2
Bty AR AEBAS ST R AL . WA 7(a) X ‘
FF 77, YOLOVS—MobileNetV2 B SR MERG IR B2
FESE G S, EL TR IR A R R AG S 8 Sk . Ak

IR 4% 485 R A AR f - AN R S 800 Kk

JIN BRI AR AR A A A BRI BT DA A

0.03

1 1 1 1
0 10 20 30 10 50

O AR T TR R Sk B T, I A %8 Epoch
TIE B2 A 3 A A5 B 38 2R, DT A7 7E 1R A 1Y K6 BRI Loss ]
15 o 7(b)YOLOv5-CBAM I B30 T I K6 14 Fig.6  Loss diagram of the improved model

L WA HP2F 2 5 EB 515  €
HEIT, ELIRSEAN BE AR 4S” SIS T 50 A0 5, ORI A o 61 XE AU AE F bR
e T A 15 R Y B, T L il 5 5024 B L LT R 45 BIFPN SR8 {0
£ 8 S0 U AR A0 F OO BRI . (LB P LGOI 00 AR s B R
TS 10U BIE A 0.5 U141 24~ ) PR 241, T B 1B XA AE S L3 T 4430
FE 2% , mAP HSHE3S 81 99,50 JWICHE BURAT LR LA BT R LA E

N Gy W

TR e
(a) YOLOv5-mobilenetv2

Hur®

(b) YOLOv5-CBAM
7 A R R
Fig.7 Loss diagram of the improved model
2.1.3 RN EEAR 5 AT
R Y SR AR R R A T AU R Sk AR T B e R S H R I BB R Y E AR A R AR
A SSD ,Faster RCNN . YOLOv3 . YOLOvS #E47%F Fliskae o L iR B8 e [m]— 55 s 4 E A7 11 25 5



- 770 - RN AN I 3 o 46 &

head 0.995 head 0.995
= allclasses 0.995 mAP@0.5 = allclasses 0.995 mAP@0.5
1.0 1.0
0.8} 0.8}
= 0.6F = 0.6}
9] 9]
= =
2 2
g 2 04
& 04p L 04t
0.2} 0.2}
0.0 0.0 ! + s L
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Recall Recall
(a) YOLOv5-mobilenetv2 (b) YOLOv5-CBAM

K8 hHERLELR PR £ IA]
Fig.8 PR curve of the improved mode

1 F R R (precision) , A [H13R (recall) , F-YHERG R (mAP) , BUE SCHAR/INCL B Bk ] R A I 8 R 2 DA

X G TS TE0 S A7 2555 XoF L, 45 S N 32 3 07755 : Faster RCNN Xif 33K [] F (14 K630 3 2 >4 126 ms, SSD LA
K YOLO R 5073 K - Z ] B AL F Faster RCNN . X /2 B A one—stage 1E H Rkl () 15 7 H AN 75 208 A4
JCAEAEAE | T LA Bk P (90 G 0 38 23 B g PR SR Y X 3 I T ¥ 11 two—stage 19 H AR ARG I ASE A
YOLOvS M H MU vk e 52 4 5 55 X MR R AR ZE W I /&5 T SSD . Faster RCNN,YOLOv3, ixX Hrf1
P YOLOv5-CBAM KBRS R S, = I8 R AP A0 T HABA MARHY | 735135 31 99.6% .99.8% .99.5% . YO-
LOv5-MobileNetV2 K Ak 3 4 CSP 4 il 44 1 AL MobileNet V2 , Bt LAY 25 T A4 i S B U A 1
/M 5.9 MB, 25 (5 YOLOVS AVEE S50 —2F , TS 80 19980 /0 , Bk (8] A RGN i 38 2 6 MRS 7R v
B . T LU RS RIFLE A SRR bR, Bt 5 0 5 T B

F3 FREEELLER

Tab.3 Comparison results of different models

B HERI 1% AR FEERR% BUESCPFMB fif i/ (s - ")

Model Precision Recall mAP Weight file FPS
SSD 91.8 72.3 84.2 90.6 15
Faster RCNN 51.8 88.3 73.47 108 126
YOLOv3 95.6 89.6 91.7 234.9 35
YOLOvS5 95.74 97.53 94.91 13.7 17.9
YOLOv5-MobileNetV2 99.2 99.6 99.5 59 10.8
YOLOv5-CBAM 99.6 99.8 99.5 13.2 11.6
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Fig.11 Three—dimensional positioning flow chart
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Tab.4 Results of positioning experiment

s FEL S W
Orientation Actual measurement Error
No- X Y z . ¥ s AX AY AZ
1 0.19 -0.20 1.03 0.20 -0.16 1.00 0.01 0.04 0.03
2 0.03 -0.24 1.06 0 -0.24 1.00 0.03 0 0.06
3 -0.20 -0.28 1.02 -0.22 -0.28 1.00 0.02 0 0.02
4 0.19 0.15 1.04 0.20 0.18 1.00 0.01 0.03 0.04
5 -0.20 0.14 1.03 -0.20 0.15 1.00 0 0.01 0.03
6 -0.23 -0.04 1.02 -0.22 0 1.00 0.01 0.04 0.02
7 0.35 -0.36 1.56 0.32 -0.34 1.50 0.03 0.02 0.06
8 -0.31 -0.26 1.52 -0.33 -0.26 1.50 0.02 0 0.02
9 0.03 -0.32 1.59 0 -0.31 1.50 0.03 0.01 0.09
10 0.54 -0.07 1.53 0.50 0 1.50 0.04 0.07 0.03
11 0.42 0.12 1.59 0.43 0.12 1.50 0.01 0 0.09
12 -0.24 0.19 1.58 -0.26 0.22 1.50 0.02 0.03 0.08
13 0.27 -0.33 1.71 0.28 -0.35 1.70 0.01 0.02 0.01
14 -0.52 -0.05 1.71 -0.49 0 1.70 0.03 0.05 0.01
15 -0.23 -0.20 1.73 -0.24 -0.21 1.70 0.01 0.01 0.03
16 -0.24 0.38 1.71 -0.22 0.30 1.70 0.02 0.08 0.01
17 0.43 0.12 1.73 0.47 0.11 1.70 0.04 0.01 0.03
18 0.05 -0.44 1.77 0 -0.44 170 0.05 0 0.07
19 0.70 -0.36 1.98 0.67 -0.37 2.00 0.03 0.01 0.02
20 0.03 -0.44 2.02 0 -0.39 2.00 0.03 0.05 0.02
21 -0.20 -0.44 2.06 -0.21 -0.43 2.00 0.01 0.01 0.06
22 -0.30 -0.04 2.06 -0.32 0 2.00 0.02 0.04 0.06
23 -0.33 0.24 2.08 -0.35 0.25 2.00 0.02 0.01 0.08
24 0.41 0.13 2.06 0.40 0.15 2.00 0.01 0.02 0.06
3 & it
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Fig.12 PR curve of the improved mode
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