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Individual Identification Method of Lying Cows Based on
MSRCP and Improved YOLO v4 Model

ST Yongsheng'®>  XIAO Jianxing'® LIU Gang® WANG Kejian'"’
(1. College of Information Science and Technology, Hebei Agricultural University, Baoding 071001, China
2. Key Laboratory of Agriculiural Big Data of Hebei Province, Baoding 071001, China
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Abstract: The lying rate of dairy cows can reflect the comfort and health of dairy cows. The individual
identification of lying cows is the basis of automatic monitoring of lying rate. A method based on the
improved YOLO v4 model to identify individual lying cows in an unconstrained barn environment was
proposed. Firstly, in order to realize accurate individual identification of lying cows throughout the day,
MSRCP algorithm was used to enhance the images from 18 ;00 to 07 ;00 the next day, which improved the
image quality in low light environment. Secondly, the RFB — s structure was integrated into the backbone
network of YOLO v4 model to increase the robustness of the model to the changes of cow body patterns.
Finally, in order to improve the identification accuracy rate of cows with similar patterns, the non-
maximum suppression ( NMS) algorithm of YOLO v4 model was improved. The experiment of cow
individual identification was carried out on the image data set of 72 cows. The results showed that the
precision, recall, mAP, and F1 values of the improved YOLO v4 were 97.84% , 93.68% , 96.87% ,
and 95.71% , respectively. The improved YOLO v4 model was compared with the YOLO v4 model, the
precision, recall, mAP and F1 values of the improved YOLO v4 were increased by 4. 66 percentage
points, 3. 07 percentage points, 4.20 percentage points and 3. 83 percentage points, respectively,
without reducing the processing speed. The mAP of the improved YOLO v4 was higher than that of YOLO
v5, SSD, CenterNet and Faster R — CNN by 8. 52 percentage points, 15. 22 percentage points, 12. 18
percentage points and 1.55 percentage points, respectively. The method can provide an effective
technical support for the health monitoring of dairy cows in precision dairy farming.
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Fig.1 Experimental setup

LB ia AT 6 % Intel (R) Core (TM) i5 —
9400F CPU, 45}y 2.10 GHz, 1T N 1N 64 GB
(RAM) , I K& NVIDIA GeForce GTX1660, Jf %k ¥
1% >4 Python 3, Windows 10 &%t
1.2 E&gmaE
1.2.1 EMEEIE

MFASCRMME LT MeEk (EEN
3.6 mm) , BT >R A 09 BUQAE AE AR 0] B 72, AN 8] 2a 7
Ro N T IEBRIEAE SR H 5K 1F A b G2 5 % i AR (B4R
PEATASIE ) SRR SF R 120 em x 90 em BIHRE L,
A% RSE R 10 em x 10 em B3 2 AOECTE BHE AR
BF A S R B S TR A T AT TEGOR S AR A AG T
BB A AR R AE A, SR A TG I AR 5 BT AR BL I
WS 5502 i d ALK A 30 2 80817 Ak
F 2R FH S5 /N 3 v R HE S B 1 A 1) LS R B,
JE AR IR A B 1 BT A S B0 w1 4% AT RO, O
B A R X IR AT 8T . R IESE W& 2b s,
e IE IS RS R B U B TR AT U, AR Y R AR B
1.2.2 EMRH R

A= N DR R B s | BG4 22, W 4 A1k
NG, i 3a iR, A SCRE 18:00— 07:00 [f]

B2 0w R DR 2
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Fig.6  Comparison of identification performance of No. 8 cow before and after improvement of YOLO v4
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Fig.7 Comparison of identification results of
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Fig.8 Image enhancement results of different methods
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Tab.2 Comparison of recognition results before

and after image enhancement %
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Fig.9 Comparison of results of improved YOLO v4

model for detecting low-light images
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Tab.3 Results of different models for detecting cows

F1 {6/ B E{50

" iR A mAP/
[

R/ % R/ % % % SIS [E]/ ms
YOLO v4 93.18 90.61 92.67 91.88  128.64
YOLO v5 87.96 89.78  88.35 88.86  118.32
SSD 82.62 80.93 81.65 81.77  144.05
CenterNet 85.41 82.38 84.69  83.87 57.85
Faster R—CNN  96.47 93.28 95.32 94.85  352.35
AR SCREAY 97.84 93.68 96.87 95.71 135.23
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Fig. 10  Comparisons of cow recognition results by different models

3.3 BELLBUTFIRR

R4 B AR AE SO, IR HERE R R . 4 5
U345 6 S WA LSO, 7E AR FE AT NMS Bk sk itk
i, YOLO v4 BERLKE 4 S5 W 2F R iR o 4 5 5 6
S (K 1la) R 6 S W34 53 RG O 4 5 93
(P 1la), HOR 5B AR BB 028 B 1k L AE 80
AR RN 5, o T AR AR IR Y 5 Rk i B 285
BT RFB —s RS 254, 97 K T 3+ M0 4% 4 ik 2
WA S 32 B, AN TR) DR /0 I 52 BB ) A AR AT LA 43 A= B
PRAS TR /IS A8 SCHE TOR 1O R AIE , 3 588 1 5 28 o 5
AR HE SR U RE T, B AAS SCHGH TR (9 YOLO v4 A
BX 4 S 6 S WA AR
(E 11b) o SO NMS 5k By ek, A 3800 i g 1

B — A4 R R D 24> 05 28 1 ), i — 2 4R
i AR R A SR AL A A PR R S Y v R

4 it

(1) R JH MSRCP 553k X IOt I 181 5 ik 47 4% 0
fifp TR 1 p T P B A G S O S A i AR AR Y (] A
21k MSRCP B 1858 J5 , ROL BEA 1 T 95 24 A1k
WHIH mAP $E 5 17. 74 A 5w

(2) %5 RFB — s R 45 F il 3 YOLO v4 FL R
HL R T YOLO vA R 3 0 288 e A 4 B S 2
S B TR R B BCRE T, X 3 A B AR AE S
AL LA Rt 14155 00 B AT 8 i 1) & PR PR X NMS 5
LW 3R T AN ALY A A PR B E R R



250 o 1 R A= 20234

BT O [ 455 30 A UL R i A AL 375 20 PR 45 S
Fig. 11 Recognition results of cows with similar appearance features by different model
e YOLO va A5 A b 75 2= S AU Y mAP Sy BTSSR i Fib i ] $2 4 1A AR BR SR
96. 87 % ARV PERETS B AR KR TE o %7 0 O M D% 20 A A 15 B0 L PP Al 2 5 R BE 4T
(3) 42t A4 i B 0% A= A AR 0 O 1, S SE B A TR A AL TR B R ZEE 1 kA

2 % x W

[1] SEPULVEDA-VARAS P, WEARY D M, KEYSERLINGK M. Lying behavior and postpartum health status in grazing dairy cows
[J]. Journal of Dairy Science, 2014, 97(10) : 6334 — 6343.

[2] PORTO S, ARCIDIACONO C, ANGUZZA U, et al. A computer vision-based system for the automatic detection of lying
behaviour of dairy cows in free-stall barns[ J]. Biosystems Engineering, 2013, 115(2) . 184 —194.

(3] X, sk, &Y, % £ TR RRR SRR YRz s 7 R B[], Rl TR, 2018, 34(18) : 202 -210.
WANG Jun, ZHANG Haiyang, ZHAO Kaixuan, et al. Cow movement behavior classification based on optimal binary decision-
tree classification model[ J]. Transactions of the CSAE, 2018, 34(18) . 202 - 210. (in Chinese)

(4] XL, 7 A fil. FET B M Y4 LT IR B r i [J]. R A4k , 2019, 50(7) : 186 - 193.

LIU Zhongchao, HE Dongjian. Recognition method of cow estrus behavior based on convolutional neural network [ J].
Transactions of the Chinese Society for Agricultural Machinery,2019, 50(7) : 186 —193. (in Chinese)

(5] AfZedd, 04 mUiE. KUk & Bl b s (s B GRS AT A RMAR St R [ T]. AR HUAE4R , 2016, 47(5) : 231 -244.

HE Dongjian, LIU Dong, ZHAO Kaixuan. Review of perceiving animal information and behavior in precision livestock farming
[J]. Transactions of the Chinese Society for Agricultural Machinery,2016, 47(5) : 231 —=244. (in Chinese)
(6] LI, E30A, S d K, 5. ST AR ny 4 R S m R nIpise st g SR [T]. hERV R 24, 2020, 22(7) : 79 - 89.
XU Beibei, WANG Wensheng, GUO Leifeng, et al. A review and future prospects on cattle recognition based on non-contact
identification[ J]. Journal of Agricultural Science and Technology, 2020, 22(7): 79 - 89. (in Chinese)
[7] 230,30k, 3T RFID $5 R 09 S5 05 % & R 45 B A AF 98 Je sE i [T i3db Aol Bl 2%, 2011, 50(7) : 1473 - 1475.
CAl Wenqing, LIANG Bin. Research and implementation of the safety of raw milk traceability management perspective based on
RFID technology[ J]. Hubei Agriculture Science, 2011, 50(7) : 1473 - 1475. (in Chinese)
[8] KUSAKUNNIRAN W, CHAIVIROONJAROEN T. Automatic cattle identification based on multi-channel LBP on muzzle images
[ C] /IEEE International Conference on Sustainable Information Engineering and Technology ( SIET), 2018 1 -5.
[9] CAIC, LIJ. Cattle face recognition using local binary pattern descriptor[ C] // Asia-Pacific Signal and Information Processing
Association Annual Summit and Conference. IEEE, 2013 1 —4.
[10] HU H, DAI B, SHEN W, et al. Cow identification based on fusion of deep parts features[ J]. Biosystems Engineering, 2020,
192 245 -256.

[11] ZHAO K, JIN X, JIJ, et al. Individual identification of Holstein dairy cows based on detecting and matching feature points in
body images[ J]. Biosystems Engineering, 2019, 181. 128 - 139.

[12] FAK, B2, BT, %. 5T YOLO v4 BIRI R SR8 2 + Yo Sk U Jr vk [T]. 40l ML B 2% 4, 2021,
52(8): 241 -247.
WANG Xiangyou, LI Yanxing, YANG Zhenyu, et al. Detection method of clods and stones from impurified potatoes based on
improved YOLO v4 algorithm[ J]. Transactions of the Chinese Society for Agricultural Machinery, 2021, 52(8) . 241 -247.
(in Chinese)

(137 X055, 00 K3k bRk, 5. B2 T et B YOLO [ 5 23R8 T 2 Al 2R SE R Ui 7 ik [ T]. AR ML ML % 4%, 2020, 51(6) :
229 -237.
LIU Fang, LIU Yukun, LIN Sen, et al. Fast recognition method for tomatoes under complex environments based on improved
YOLO[J]. Transactions of the Chinese Society for Agricultural Machinery, 2020, 51(6) : 229 —-237. (in Chinese)

(147 XU/NN, I, 2 n e, 45 T R 28 0 2% 119 RERE R 0 7 i [T RO MU= 4, 2020, 51(2) : 237 - 244.

LIU Xiaogang, FAN Cheng, LI Jianian, et al. Identification method of strawberry based on convolutional neural network[ J].
Transactions of the Chinese Society for Agricultural Machinery, 2020, 51(2): 237 —244. (in Chinese)
(TH % 262 11)



262 g Ak Bl ¥ R 2023 4

[34] ZHENG Z, WANG P, REN D, et al. Enhancing geometric factors in model learning and inference for object detection and
instance segmentation[ J]. TEEE Transactions on Cybernetics, 2021,52(8) :8574 —8586.

[35] RKAR, SRR, EHE A, 5. BT R IHLEI A NMS 76 Bbata il b g oF 5 ()] . d 700 80K ,2021,44(19) :82 - 88.
ZHANG Changlun, ZHANG Cuiwen, WANG Hengyou, et al. Research on non-maximum suppression based on attention
mechanism in object detection[ J]. Electronic Measurement Technology,2021,44(19) ;82 —88. (in Chinese)

[36] ZHENG Z, WANG P, LIU W, et al. Distance-loU loss; faster and better learning for bounding box regression [ C] //
Proceedings of the AAAI Conference on Artificial Intelligence, 2020, 34(7) ; 12993 - 13000.

[37] BOCHKOVSKIY A, WANG C Y, LIAO HY M. YOLO v4: optimal speed and accuracy of object detection[ J]. arXiv preprint
arXiv, 2020 2004.10934.

[38] GEZ, LIU S, WANG F, et al. YOLO X: exceeding YOLO series in 2021 [ J]. arXiv preprint arXiv:2107.08430, 2021.

[39] REN S, HE K, GIRSHICK R, et al. Faster R — CNN: towards real-time object detection with region proposal networks[ J].
Advances in Neural Information Processing Systems, 2015, 28.91 -99.

[40] HUANG E, MAO A, GAN H, et al. Center clustering network improves piglet counting under occlusion[ J]. Computers and
Electronics in Agriculture,2021,189.106417.

[41] koA, M 735 SRR . 8 RAUOKAT A AL A58 B 3R A [T]. £l HUA 24,2018 ,49(6) ;232 - 238.

YANG Qiumei, XIAO Deqin, ZHANG Genxing. Automatic pig drinking behavior recognition with machine vision [ J].
Transactions of the Chinese Society for Agricultural Machinery,2018,49(6) ;232 —-238. (in Chinese)

(#5250 I1)

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

(23]

[24]
[25]

[26]

[27]

YRV, AW, RT e, S HE T AL SSD Bk iy vk & 68 07 B BEVEAL 7k B SE LT ] AR AL 2 4, 2021, S2 (3G 7)) -
472 —481.

LI Zhenbo, LI Meng, WU Yufeng, et al. Evaluation method of iced pomfret freshness based on improved SSD [ J].
Transactions of the Chinese Society for Agricultural Machinery, 2021, 52( Supp. ) : 472 —481. (in Chinese)

G IR T AR 4. B CenterNet i A8 ARG R 375 [T]. {75 4b 2 ,2022,38(3) ;511 - 518.

CHENG Yi, ZHANG Yu, LI Baoquan. Traffic sign detection algorithm based on improved CenterNet[ J]. Journal of Signal
Processing, 2022,38(3) :511 —518. (in Chinese)

B 2% XN AR A 4F . T ik CenterNet 1 K B8 Jo AMLIE IR EGR N [T]. R HLA R, 2021, 52(9) :
206 —212.

YANG Shugqin, LIU Jiangchuan, XU Keke, et al. Improved CenterNet based maize tassel recognition for UAV remote sensing
image[ J |. Transactions of the Chinese Society for Agricultural Machinery, 2021, 52(9) :206 —212. (in Chinese)

=, RO, K AR L AE . B Faster — RONN H SRR T RAIRI RS2 [T]. A0l T2 24, 2019,35(18) ;143 - 150.
YAN Jianwei, ZHAO Yuan, ZHANG Lewei, et al. Recognition of Rosa roxbunghii in natural environment based on improved
Faster RCNN[ J]. Transactions of the CSAE, 2019,35(18) ;143 —150. (in Chinese)

TR A, X, BT 5, 45, BT R YOLO v3 BRI SR 4R AR 5k [T ). 4Ol BU= 4R, 2020, 51(4) : 250 -260.

HE Dongjian,LIU Jianmin, XIONG Hongting, et al. Individual identification of dairy cows based on improved YOLO v3[]].
Transactions of the Chinese Society for Agricultural Machinery,2020,51(4) :250 —260. (in Chinese)

XIAO J, LIU G, WANG K, et al. Cow identification in free-stall barns based on an improved Mask R — CNN and an SVM[]].
Computers and Electronics in Agriculture, 2022, 194. 106738.

BOCHKOVSKIY A, WANG C Y, LIAO H. YOLOv4: optimal speed and accuracy of object detection[ J]. arXiv preprint
arXiv, 2004. 10934, 2020.

ZHANG Z. A flexible new technique for camera calibration [ J]. IEEE Transactions on Pattern Analysis and Machine
Intelligence, 2000, 22(11); 1330 - 1334.

JIANG X F, TAO C K. Advanced multi-scale Retinex algorithm for color image enhancement[ C] // International Symposium on
Photoelectronic Detection and Imaging 2007 : Related Technologies and Applications, SPIE, 2008 . 325 - 332.

REDMON J, FARHADI A. YOLOv3: an incremental improvement[ J]. arXiv preprint arXiv;1804.02767, 2018.

LIU S, HUANG D, WANG Y. Receptive field block net for accurate and fast object detection[ C] // Proceedings of the
European Conference on Computer Vision (ECCV), 2018, 385 —400.

SZEGEDY C, IOFFE S, VANHOUCKE V, et al. Inception —v4, Inception — ResNet and the impact of residual connections on
learning[ C] // AAAI Conference on Artificial Intelligence,2016.

NEUBECK A, VAN G L. Efficient non-maximum suppression[ C] // 18th International Conference on Pattern Recognifion.
IEEE, 2006 .850 - 855.



