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INAT P B AR B A RO, L1 2R X 59 MERE S
BEREAT 7 EOBOOP AL, SR ER 2N 98.7%, etk
ACHE E N BRI F 28.3 ms. X1 THHIg 2R SE A Inception
ResNet V2 W Z8 A A= Jr 3t A7 R3], £ 108 Sk’ 8 344
K B R IR 4R B SEEL T 98.6% MR FIHER R . T4
Jr, ZE S GURR A T A R, HRR EER AR A SL
iEL DT EHR, WA kIR B, B R K.
N TR R, XU PR T — R TR R IR
WM R B 777k, f#iH MobileFaceNet 3 BURF1E, 8T 1)
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FHR AR (embedding optimization module, EOM)
ORI 23 A0 3 5 e R A AR S, SR T
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Pl Open Pose Mask R-CNN [ 4%, i i 42 B4 1 8% o0
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PR RSB ME TR 4, LRIRH 4 R L, 153
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()3 = 70 ZH A0 2% R 00 B A AR AR AN A R A8 SURFAE 3E AT 3R
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I R AR VI ZR W A M TH A SURAAE ) 7 SO 93 4= 136471801
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a. Original frame without detection
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Fig.1 YOLOVS detection result
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b. Frame after detection
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Fig.2 Examples of different types of cow backs
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Fig.3 Dairy cow identity recognition overall solution
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122 B AR RAEE
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(m). large (1) Al extralarge (x). HTXHFIIIHFAN

TF ) YOLOv8n NJEfl, SIANIREEF 43 S5 (depthwise
DWConv) , )% 5 042 &4k 1

separable convolution,
YOLOVS-DW #5 %,

b. Y2 RIREAE 0B XSG I 45 2
b. Detection result of cow exiting
measurement area

L
a. Wy HE NI B DX 25 2
a. Detection result of cow entering
measurement area

c. Wy HE NI L X A g P
c. Heatmap of cow entering
measurement area

e HEERRNEXE, EMEARREILSR.
Note: The yellow box represents the measurement area and the red box
represents the detection results.
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Fig.4 Examples of measurement area
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d. Heatmap of cow exiting
measurement area
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YOLOvV8-DW fE YOLOVS FJ &=l 73 526 1. 2.
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(i NN Sl RS SR B AR N E R 7y el i
123 HFAERIR
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& 0 BB RN R T 5 FhAE B FRAs il S 41 A 8 5+
PERERIMNZS, 45 HRNet. EfficientNet. Swin Transformer.
Swin Transformer V2 Fl ConvNeXt, FX4"EMIETIE &4y
PO EE S B RE AT X b ARV ZRI A2 P R AN ]
2R FEE DUIA B e R CR, 2T U1 RS Al i 5 1 R
I, PRI A R I A B A WA 5 R REE B
AL T I 25

A5 ARG N Y AT VPAL B, 150 gallery S
1) 14 160 7K FEGAR RA N\ BIRFIESE U A R, 15 38— 4
O %0 5 03 2 UK R [ & vy, B2 query SE 11
943 5k BME MK I N BIRE A A, 15 31— A IR0 B 4
EUEIRHIE B vy ARIRTEE vy HREA MRS v, FEEAS
W5 [ AR ZARAE, L= 943 LR, a4 R
HEARALBE AT B P HET o
124 % MaRA 7k

TESEBR R s d, A H B4R & ek
A NOAPRIC RIS AT R S EE W EG S, N
B SR R A S, A SCiRE —M
MRl 7%, E I R 4 A R Sl 2 R N 4 SR
AIEEME. [RIE, DN T ERORBEAE XS RN WA AT HER
WO, FEVONARE A SN T A I WAL .

WY LF TR S 4 AR % S 43 B ARALBE A3 73 22 [ 388 0 A7
TERA 22 57, DRI mT DLOd o 15 B BB SR A 9 2 2 75 A
N FESAT PIWT . ad st S0 vk IE 6 B 0y AR ACL RS B R AR B iR
SOy FEACLE f KAB, H % FEAf it (kernel density
estimation, KDE) 7r#7 & 1550040, 1HE%EHZ
MIAE R e N PSSR R . a0 R B = AR AL A5 20 /N T R
B, AR A B AAFLE T30 PE A, 2k S
WU A RN A W & m AL AR 2 K T A,
FIWT R R G4 S I AR AE T8 B b, A IRl Sl 25
Ryt e AHABABE A5 3 % 2 £ 477

TS 1 N FEAG S DN X3 A5 TR 2 44 et 22 it
BlM5, it A5 3R AT R0 DG 0 A0 ) 2L 4 17 75 1) B g 3 551)
AL, I AW AR A B A e I s 1 DA E R
SR RETE TRk

DAL R 1) 25 SR B AHALL BEAS 73 AL ER, % B Bt
T &5 RAT AR S, IR = 1 B /R D 2 i
PUNEE R SN g RN EAR, NEEER
N JEB6E A B

BJa, AT A EG R A RIS DL, SEBR
FH AR A P 85 38T 0% A 3 50 1T R R e A 0 S 40 2 a3 AT BT

TR R ARFAIE PR N 2501

ZWER A, RS DRk 22 R ) g kR e, (Ha
R KRBT E I8 . SChr M, 7 EAREII 5 )
WL, A S ) B A B8 B 2 WUl ) it 44
1.3 KRB BRI ERR

AR F 2 P R oR BCR AR AR P R . SR e
ZH AR (complete intersection over union, CloU) 1E
R FEHRE A1 A 1 453 2K PR (box loss) » 8 TN AE B 23T
FLSEME; R oA £ 42k (distribution focal loss,
DFL) $ FR i i P A S b, () — e a8 s
2% (binary cross entropy loss, BCE Loss) 1 A4rJ5#i%
(classification loss) -

K K5 E M (mean average precision, mAP) .
Wiz (P BFZE (R, Wi (frame rate) . SH&E
(Param) . ¥ 53s% (FLOPs). % 1 firtf& (Rank@1)
FIET S e # (Rank@5) 1E AV TER. H, Hirk
WA S5 mAP FoR 22 I LLBIME D9 0.5 B A 280 1)~F 3
FEEESAME, S TS mAP TR0 45 R A
FEvHE . P e A A SR S A5 )R A v B SR A L
filo R 7 55 BT AT 5S8R A5 rh gl T T g 148 7 LA
Rank@1 F~ IEM S B IER R KA T 1AM
BRWERZ, Rank@S R~ B0 & 0 1 ILTE R 2R 45 R HF
FEHHT S M E RERfEE . MR TR B HOE A F T
REFEFFD AL B A i %

2 HBRESH

AR EGAE Ubuntu 18.04.6 #:1E &2 48 F#E1T, CPU
B4 54 Intel(R) Core(TM) i9-10900X, GPU & NVIDIA
GeForce RTX 3 090x2, RAF%F &N 48 GB, WAFK/IMA
64 GB. python it A< & 3.8.10, tourch fiZ A& A 1.12.0,
cuda [iRAHN 11.3,

B 45X YOLOVS-DW LA K YOLOVS &R AS H hrAs il
PR FEAT UNZRXT LG, PPAS AL 0 A P A0 S b 12, G4
CEEPERER T IIRRA; Fok, TRE S FhE T IS TE B R
S0 U B R B O RHIE SR AR 77, e RS K
HRPVRHESEICE T W% &)a, i IR e A\ E R IE
B FE I8 E 22 R 5 VETE 94 S A iR BT 55 B PERE
2.1 YOLOVS-DW 5 YOLOvS & Axttbifis 5947

N T RAE S JF YOLOvVS-DW 78 54 H 4w il AE 55
HRHERR RN S 1, AR SO YOLOVS-DW LA YOLOVS
FRRA H bR A A AR AT bk e . g fE ., A
Tt gt #2, Pk lE, RtE RN o)
B 3 D S S HOHAT TR [RIB N T 42 i B 7
AR, TUA AL S T TS, HR Rz thEE T,
N T ARG R, AR AR H S UM 1Y R SR g . AR S5 IR
W 1 .

45 R, YOLOv8n F1 YOLOVSI 76 i & J T
Pl e, 53T 99.4%: YOLOv8m. YOLOvSx [ [A]
IA 98.3%. YOLOVS % ik A& X YOLOvV8-DW ] mAP
BIAMET 99%, VLA EATED A H b il F 55 #0G H
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BIRDL. YOLOVS-DW 76 % fiff B Al 14 [ 2 3R 1L K 4T
BT B EAFEHERE T, SR YOLOVS-
DW iAE %] 1 169.49 Wi/s. [FIE;, 3235 F R ] 70 2 5
X N TE (ST B R AL BEALE 1x1 B A

K, YOLOVS-DW BB A T Rit—LRK, &
N 2.60M, TFREHACN 172G, BN ARE
. ZEEHEMMESSUR I, ASCIEFE YOLOVS-DW 1EH
W2 S R AL,

%1 YOLOv8-DW 5 YOLOvVS & kA Birte MG R

Table 1 The target detection results of YOLOv8-DW and different versions of YOLOv8
it it FEJGIES FHIHEREE i SRk FRIEH
Model Precision P/%  Recall R/% Mean average precision mAP/%  Frame rate/ (15i-s™") Parameters/M  Floating point operations FLOPs/G
YOLOv8n 99.4 97.8 99.3 156.25 3.01 8.1
YOLOvVS8s 98.8 94.5 99.3 74.63 11.13 28.4
YOLOv8m 98.8 98.3 99.4 45.05 25.84 79.3
YOLOvSI 99.4 96.0 99.0 34.84 34.84 165.7
YOLOv8x 98.7 98.3 99.3 20.53 68.12 258.5
YOLOvV8-DW 98.9 96.4 99.3 169.49 2.60 7.2

22 BTFMEMEMLIRES S

N T HEEL S MR TSI PERER L, 9345 1
R HE 5 7 AN GRX 5 Rl T I2%,  YIIZRIE AR 180 X
Ja % 4 13 R AL I AL 5 iR o

3.0

—+HRNet
25F = EfficientNet
-¢-ConvNeXt
7 20 —e—Swin Transformer
Sist —<Swin Transformer V2
/

=10}

0.5F

oFfF

0 25 50 75 100 125 150 175
LA UCEEpochs
5 BARAIRK w2k,
Fig.5 Loss curves of different models
NGRS, Oy 7RISRl SSOF B b L&
BB A ) R E R . FI, O VRIS
BEPE, SRABUOENS) . 0T 38 5 A B AL o 4 2 1
SR RS o
BEA BACRE RGN, B AR loss #72: TFE, 2%
g RBWT L AU . O T A AR s U RO AE S T
— R AU SRR, TR Gt AT B R R & AR IR 1)
2/3 I, K S REEREIERAT 1/10, DAY LASE /N
A AT SRR, T RISk, B AE SR 120 4
epoch if ,  ConvNeXt. Swin Transformer #l Swin
Transformer V2 [ loss H4% I 1 B & B
FEZ L 180 YGEAG, I BEALH loss ¥ C W8k
HARETIAEMRER A E5 R A& 2 s .

*®2 AEEFTREIRANGER

Table 2 Different backbone network identification results

T LES 51 drrh A TS A
Backbone network Frame E?te/ mAP/%  Rank@I Rank@s5
s accuracy ~ accuracy
HRNet 120.12 99.76 1 1
EfficientNet(EN) 56.06 99.53 1 1
ConvNeXt(CN) 49.22 98.93 1 1
Swin Transformer(ST) 34.94 99.61 1 1
Swin Transformer V2(STV2) 28.53 99.10 0.9989 1

TEFTA M 4% 4, HRNet [1] mAP &3] 99.76%, Ab#
TN 120.12 Wi/s, IX FZE1F 25T HRNet [FB3E4T & 2
R AE R 2 WA AR HL, BB ROm PR 05 4= 15 358
PG 405 . EfficientNet 38 i [7] B0 AL 25 1) 50 FE . 1%
FEFA Ay R, RINH A ARG FEFI AL #EE S . ConvNeXt

254 T B FRAN Transformer HAR 3, 7E 40 2 35 &2 J5 1k
T Swin Transformer A1 V2 iR A . Swin Transformer f#f
MiEshdE O BERE NG, SCE VRS IR, HE
BURI BTG 0 7k AR, BRI T AR B R
K14 B 3%, Swin Transformer V2 7E M FE A FiE4T T
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Cow recognition method in milking scene based on back features

LI Zehao'? , WANG Yueming*** , PU Chaoyi*?

(1. School of Digital and Intelligent Industry(School of Cyber Science and Technology), Inner Mongolia University of Science and
Technology, Baotou 014010, China; 2. Inner Mongolia Autonomous Region Engineering Research Center for Artificial Intelligence in
Grassland Animal Husbandry, Baotou 014010, China; 3. School of Automation and Electrical Engineering, Inner Mongolia University of
Science and Technology, Baotou 014010, China)

Abstract: Accurate recognition of dairy cow identity serves as the cornerstone for intelligent farming systems, particularly in
milking scenarios where precise and rapid identification significantly enhances management efficiency while ensuring animal
welfare. Traditional recognition techniques, such as branding and ear tagging, have been shown to potentially cause harm to the
animals and negatively impact their well-being, and have consequently been gradually phased out with the advancement of
technological developments. Although Radio Frequency Identification (RFID) technology remains widely adopted, limitations
persist regarding device fragility and animal discomfort. In contrast, contactless recognition technology based on computer
vision proved to have advantages such as low cost and high efficiency, making them more suitable for application in milking
scene. To improve management efficiency and reduce operational costs, a real-time recognition method based on back features
of dairy cows was proposed. This method involved capturing images of cows in milking scene using cameras to identify them,
thereby reducing the probability of missed and false detections and avoiding harm to animal welfare. Videos of milking
operations were collected, which were then decomposed into images, resulting in an object detection dataset containing 793
annotated images. Lightweight architectural improvements to YOLOVS resulted in the YOLOvVS-DW network. Comparative
performance evaluations against multiple YOLOvVS variants confirmed the superiority of YOLOv8-DW in target detection and
image extraction. The YOLOvV8-DW model achieved remarkable results, with a precision of 98.9%, a recall of 96.4%, and a
mean average precision of 99.3%, outperforming the different versions of the YOLOVS network. The implementation of the
YOLOvVS-DW model in the NVIDIA GeForce RTX 3090 24 GB GPU environment demonstrated its exceptional efficiency,
reaching a detection rate of 169.49 frames per second. This significant improvement in inference speed can be attributed to the
lightweight nature of the YOLOvV8-DW network, which maintains high accuracy while substantially reducing the
computational complexity compared to the original YOLOvS model. Milking video analysis using YOLOv8-DW facilitated the
creation of an identity recognition dataset containing 3 145 unique cow identities across 52 834 images. This dataset was used
to train and compare five backbone networks: HRNet, EfficientNet, ConvNeXt, Swin Transformer, and Swin Transformer V2.
Five backbone networks underwent comprehensive evaluation through three testing protocols: standard test sets, temporally
varied milking videos, and a specialized dataset of 79 solid black back cows. After careful analysis, HRNet network was
selected as the most suitable model for the application. The HRNet network demonstrated exceptional performance in
extracting the distinctive back features of the target cows and calculating the cosine similarity between the target cows and the
cows in the database. On the test set, the HRNet model achieved a mean average precision of 99.76% and Rank@]1 accuracy of
1, while maintaining an impressive image processing speed of 120.12 frames per second. Kernel density estimation established
recognition thresholds through analysis of similarity score distributions between correct and incorrect identifications. Multi-
frame detection combined with weighted voting based on this threshold achieved final recognition rates of 97.7% for registered
cows and 94.0% for unregistered cows. This method achieved real-time identity recognition of dairy cows in milking scenarios,
significantly improving management efficiency and reducing farming costs, while maximizing the protection of animal welfare.
This provides important technical support for the intelligent farming of dairy cows.

Keywords: dairy cow; YOLOVS; identity recognition; back features; milking scene
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