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Abstract: Aimi current research problems of the existing non-contact cattle individual image recognition

models, such as large volt¥ne, multiple parameters and large resource occupation, this paper proposes a lightweight
cattle individual image recognition model (Light YOLO Net, LY-Net) based on improved YOLOvS5 model. The
backbone network of the YOLOvS5 model is replaced by the lightweight network Ghost Net, and CARAFE (a
lightweight universal up-sampling operator) is used to reduce network parameters and realize network lightweight.
Focal-EloU Loss is used as the loss function to accelerate the convergence and improve the speed. A total of 6 775
individual cattle images of 30 cattle individuals on a farm in Zhangye City, Gansu Province are used as sample data for
training, validation, and testing of the model. The experimental results show that the precision rate of LY-Net model for
cattle individual recognition is about 99.6%, and the recall rate is about 99.5% . The proposed model can realize the
miniaturization and lightweight of the model while effectively and accurately recognizing individual cattle images.

Key words: YOLOVS; cattle individual; image recognition; lightweight
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S AR A ARG T 1 22 A o TR R =l B2 A =S L5 AR
PO P Al 42 i 23R ) 5 ¥E SCRT BL 43 R gk A PR AR ek
(Permanent Identification Methodology, PIM) | 2} 7k /& 4 - 51|
#:(Semi-permanent Identification Methodology, SIM) K Iifs Bsf 4
5% (Temporary Identification Methodology, TIMD™ . PIM
F T I E E A PR IE R R B A 7 R AR A
SRR A T A [ 7 B 1) 0 L 4 2 1 A A A R R
. SIM 35 AR AT 2R AR B, BRI kY
M EA BRSNS | 42 R I 55, a0 SR A A sk LE AR, 2338 A
ARSI 5 e Ah BAR T LUK il D id, JF HAA 38R R
K o 25 5y 1 AR A AR R R B TE IR . TIM AL 4R e
o FIC LR B AR 51 4% R (Radio Frequency Identification, RFID)
A BT REID Y E-AR AR AT PR A A (A A £ B 5
YRR Z YA AL R () I 2 AR TR B A PR HL 4
AR BEAR 75 DR AT R A R B

1 #HX%F 5 (Related research)

Rl TR 5 TR BB AR I & R, H A dsr 4 A b
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model improvements)

AR YOLOVSs 6. 1 A Sy B il (0 25 A5 1Y, 12 45 Y
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(34040385
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A1 LY Net#HAERH
Fig. 1 LY-Net model framework diagram

2.2 BEZHMZ Ghost Net
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AHELAE G5 1045 1, Ghost Net™ 23 B 25 3£ , # 5& Ghost
Net SR HIE# BIEFITE 53] Channel 20 FRFIE ] HUKCF)
HI Cheap Operation 5 2| 5 £ (R AF K], IS5 85 6] A9 R AiF 1]
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Fig. 2 Comparison of conventional convolution and

Ghost Net convolution
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2.4 Focal-EloU Loss
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3 SCIRHTFIALIE (Experiment and result analysis)
3.1 HiE&EHRE

zr:wﬁﬁﬁmq:/\ﬁ:@@& 2022 4 5 A 1 Hlr i ok
Wl e FRAE A N R Nikon D810 #HHL, 1% K%
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Tab.1 Experimental data set

G4 Hhs biZedn s PEUR B /i
Cowl WHO0015 0 214
Cow?2 WHO0985 1 205
Cow3 WH1102 2 177
Cow4 WHI1110 3 220
Cowb WH1628 4 217
Cow6 WH1822 5 236
Cow? WH1839 6 244
Cow8 WH1900 7 223
Cow9 WH1929 8 259

Cowl0 WH1949 9 233
Cowll WH2116 10 223
Cowl2 WH2117 11 100
Cowl3 WH2136 12 223
Cowl4 WH2164 13 229
Cowl5 WH2225 14 233
Cowl6 WH2226 15 255
Cowl? WH2900 16 225
Cowl8 WH6653 17 208
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Cow20 WH6878 19 212 b/ - - 2 I
Cow21 WH7064 20 230 —
Cow22 WH7095 21 248
Cow23 WH7516 22 220
Cow24 WH7517 23 286
Cow?25 WH7539 24 196
Cow26 WH8892 25 247
Cow27 WHO453 26 302
Cow28 WH9658 27 171
Cow29 WH9858 28 294

Cow30 WH9865 29 231

) Cowll
Y

Cow27 CW28
B3 FAREREL

Fig. 3 Images of individual cattle samples
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Fig. 4 Training graph for Mosaic processing

4 IG5 % B 4 # (Experiment and result
analysis)
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4.3 XWSHEE

AR SCEERT AR A R ER BRI T R AR AE S YOLOVS 83
2 RIS M RO 2R AT S B I 2RI B A e 2
B —Z T LR, % YOLOVS 3k 5 HAE o B 1%L
Wibdr %f e, i 5 GPU i NVIDIA GeForce RTX 3050
Laptop GPU,CUDA JfiAs 11. 2, Pytorch fiiiA 1. 7. 1, Python fi
7K 3.7, Windows ili A Windows 11 FEEH U, SLE P2
B BN 2 iR,
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Tab.2 Experimental parameter setting

z # B

BN R BB s FEAO AL (batch size /1)

VISR KA IR Cepochs /42) 100
WIhh2E 2 2 (1r0/ %) 0.01
P T (weight _decay /%, 0.000 5
Bl Gnomentum / % 0. 937
YIZEAE BOTESE TSR 43 8:1:1

4.4 XPLEELE

T HUE LY-Net 81 0] 4%, 4% LY-Net 5 YOLOVS
METI AN GRS SR AT X L, 26 3 0 TSR I 45 A0 o5 FH 9 A7
TN HVER X A B A 46 0 7 S8R RS A R, B 3R 3 AT,
YOLOVS R SRG i 245h 99. 5%, # Lt YOLOvS, A< S0
IR RADRE R 20 99, 6 %4 . IR L AE A AN AR R 51 2R 05 T
ARSCERUA —E L. EBRRISHOT I, YOLOVS S 50m g
KR 7.2 MB, AR SCHERIZ I 255 B S 50U 3. 8 MB,
P I PEAR A S 50 7 T AR SO R — R P

P2 3 RGN T A U 5 YOLOVS A5 2 (1 485 88 7 (1)
XA R . S HKE A SR BRI )2k 8. 9 B, it
/NF YOLOvS MB35 g, 8 SCRS R f8 S 40 B RT3
J1 KGRIy T A —E .

®3 AEEBLE

Tab.3 Comparison of different models

UIhss BOWIE mAP
B WiBE/%  AIE/% SE/MB ,
woam ’ ’ T wm @os%
50 79. 6 89. 6 7.2 16. 2 91.5
YOLOv5
100 99.5 99. 4 7.2 16. 2 99.5
50 90. 4 89. 2 3.8 8.9 94.5
LY-Net
100 99. 6 99.5 3.8 8.9 99.5

AR H BER mAP @0, 5 ¥ i (E.
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Fig. 5 Plot of loss values for different models
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Fig. 6 Ablation experiment
4.6 ERENAFNER
YN R 1Y-Net A5 A 36F 00 38 48 F00 48 2647 F0000 , K5 0
LN 99, 6%, A MIZELYhy 99, 5%, AR AT A7 s UL P
AR EHR AR B . A SCREBY %t 30 3k 4R A Thgill
SRR 4 PR,
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Tab.4 LY-Net model recognition iesults

Tk HiwE /% Qurao. /%

WHO0015 99.5
Cow2 WHO0985 98.8 .0 99.5
Cow3 WH1102 99. 8 .0 99.5
Cow4 WHI1110 99. 4 .0 99.5
Cowb WH1628 99.5 100. 0 99.5
Cowb6 WH1822 100. 0 100. 0 99. 5
Cow? WH1839 99.3 100. 0 99.5
Cow8 WH1900 99.3 100. 0 99.5
Cow9 WH1929 99.9 100. 0 99.5
Cowl0  WHI1949 99.2 100. 0 99.5
Cowll  WH2116 99.5 100. 0 99.5
Cowl2  WH2117 100. 0 90. 8 99.5
Cowl3  WH2136 99.3 100. 0 99.5
Cowld  WH2164 100. 0 98.7 99.5
Cowl5  WH2225 99.3 100. 0 99.5
Cowl6  WH2226 99.3 100. 0 99.5
Cowl7  WH2900 99. 4 100. 0 99.5
Cowl8  WH6653 99.9 100. 0 99.5
Cowl9  WH6859 99.3 100. 0 99.5

iy ks KithE/ % BIl%/%  mAP@O0.5/%
Cow20  WH6878 99.3 100. 0 99.5
Cow2l ~ WH7064 99.9 100. 0 99.5
Cow22  WH7095 99. 4 100. 0 99.5
Cow23  WH7516 99.3 100. 0 99.5
Cow24 ~ WH7517 99. 4 100. 0 99.5
Cow25  WH7539 100. 0 100. 0 99.5
Cow26  WHS8892 100. 0 96. 1 99.5
Cow27 ~ WH9453 99. 4 100. 0 99.5
Cow28  WHY658 100. 0 98. 7 99.5
Cow29  WHOY858 99. 6 100. 0 99.5
Cow30  WHOY865 99.9 100. 0 99.5

TP 7 AT LA A SO B A LY -Net SRR RS
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Fig. 7 Precision, recall rate and mAP curve plots of the
LY-Net model

5 %52 (Conclusion)
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