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Individual Identification Method of Dairy Cows in Cowsheds under
Wide Field of View Based on DAM — ResNet
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Abstract; Aiming at the problems such as occlusion and large deformation of cow images in the cowshed
under a wide field of view, which cause difficulties in individual identification, a method for individual
identification of cows in the cowshed under a wide field of view based on the DAM — ResNet model was
proposed. The Mask R — CNN model was used to segment four types of dairy cow parts: the back, the left
side of the trunk, the right side of the trunk and the buttocks. Based on the ResNet34 residual network,
the second-generation deformable convolution was introduced to enhance the extraction of deformed image
features of cow patterns in the segmentation results. Integrating the AFF attention feature fusion module
into the residual structure to achieve accurate recognition of images of small target cows at a distance. The
fine-grained classification loss function, interchannel loss ( MC — Loss), was adopted to improve the
recognition accuracy of the model for cows with similar patterns. The multi-part dataset of dairy cows was
constructed by using the segmented images of dairy cows, and the DAM — ResNet model was trained.
Individual cow recognition tests were conducted on a dataset of 12 864 images of 57 dairy cows. The
results showed that the recognition accuracy rates of the back, left trunk, right trunk and buttocks of
dairy cows were 96. 13% , 96.56% , 96.94% and 93. 14% , respectively, which were 2.76, 2. 88,
2.92 and 4.25 percentage points higher than those of the original ResNet model. The recognition
accuracy rates of the method proposed within the ranges of 10 ~20 m, 20 ~30 m and 30 ~40 m were
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97.54% , 90.72% and 82.17% , respectively. The research results can provide technical support for

intelligent dairy cow breeding.

Key words: cow individual identification; wide-field; deformable convolution; attentional feature fusion;

fine-grained classification
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reduction effects
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Tab.3 Recognition results of dairy cows at different

shooting distances

R /m HERN 2/ % K%/ % A%/ %
0~10 99. 63 99.38 99. 14
10 ~20 97. 54 97.67 97.02
20 ~30 90. 72 91.14 90. 57
30 ~40 82.17 84.11 79.73
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Tab.4 Comparison with results of existing methods
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ShuffleNet — Triplet*! LRSI 87 82.93
Mask — RCNN + DAM — IR

57 95. 86
ResNet( A< 3) R

SCHR[ 18 ]I YOLO 55k 4 B 4 Sk 2R B i 22
A 0] PTG RS AE 20 A7 A A U0 SR o 1 2 Dy
66% , P 51 e B A A, A1 SCHER [18 ] 25U, X
AR [32 1R I AL BRI 4 8 3 ARG AT 1R
jj'J, U/ﬁﬁﬁiﬁ 93.75% , Wi ERRFER R
E U AASRFUNRAAE . SR, Qi SRR EU ™
%ﬂ%’*ﬂﬁﬁﬁﬁiﬁ FHREMR , 75 24 B AL 5 W25 R = 1]
A B AR EE B X AR AR A IR N AELL S, S
BR[33 ] 2R A T 7 2 i A0 RN AR h i2E A 5
A A Y 1] 5 ] A %% ShuffleNet — Triplet 57
XPEEARI AR UG AT U], UM MER % 82.93%
Fh?ﬁu/\l’glﬁ%ﬂlﬂﬁﬁﬁﬁlck%ﬁfﬁwt,%%%Eﬁck,
ST PSR, A SOTIE AR T A )

LB AR A T W5 A A AR P 5 28 22 5 R Y52 i,
SEBLT i U
4 #Hig

(1) 42 H T 3 Mask R — CNN 43 E A [6] 45
A=A PR ERCEE A DAM — ResNet A5 75 5 475 4 i
AT I i, SBT3 M HERR W AR AR

(2)DAM — ResNet £ #8038 o 5] A 25 AR AT 28 B
BB PE R TR AR AL B R RE T, BT
AFF I RE R, e 7 ARG /N B bR 30

REJJ , [FIEE 2565 AR B2 451 2% BRI MC — Loss, 3558 T
BRI AR AW 4= 1) 73 2R 2R . DAM — ResNet 158 7
XPW5 A5 KT 2200 90T A S T A5 1l v
iR 4 B 38 B 96.13% | 96.56% . 96.94% .
93. 14% , PLFHAbXT LAY | H AR AR 4 51 o
B R 2. 76 2. 88 2. 92 4. 25 NHA .,

) AT B E AT 20 m G H NI
HEBR R R R A R 97% , o] LLSE ]
SERITERTMATR , 7E 20 ~30 m 38 B N TR HER R
AR 90% , AL 0 I P n] R AE 0B A
B R D IR S R R AR AR U 42
HET R

£ % x o

[1] BERCKMANS D. Precision livestock farming technologies for welfare management in intensive livestock systems[ J]. Rev. Sci.

Tech. , 2014, 33(1): 189 - 196.
(2] HE, M?

SeTEIH. N TR REOK S U A SR ) B SRR [T ]

rrEZLL,2020(8) : 5 -9.

XIA Xue, SHI Xiao, CHAI Xiujuan. Thinking and practice of intelligent cow breeding driven by artifical intelligence[ J]. China



590 YA A VIR = ¢ 20254
Dairy,2020(8) : 5 —=9. (in Chinese)
[3] wlzkciE, BIRA XN, 4% 2T MSRCP 52kt YOLO v4 ARG MR SR IRAN T 2k [ T]. R ML # 7 ,2023,54 (1) .
243 -250,262.
SI Yongsheng, XIAO Jianxing, LIU Gang,et al. Individual recognition method of lying cows based on MSRCP and improved
YOLO v4 model [ J]. Transactions of the Chinese Society for Agricultural Machinery, 2023,54 (1) ;243 - 250,262. (in
Chinese )
(4] AR XA BXEURE. AFHER ol h 3 E R BRI ST KA R ()], Al HUMAAR, 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)
[5] ALVAREZJ R, ARROQUI M, MANGUDO P, et al. Body condition estimation on cows from depth images usingconvolutional
neural networks[ J]. Computers and Electronics in Agriculture, 2018, 155, 12 -22.
[6] KAWAGOE Y, KOBAYASHII, ZIN T T. Facial region analysis for individual identification of cows and feeding time estimation
[J]. Agriculture, 2023, 13(5): 1016.
[7] WENG Z, MENG F, LIU S, et al. Cattle face recognition based on atwo-branch convolutional neural network[ J]. Computers
and Electronics in Agriculture, 2022, 196 106871.
[8] SUNS, YANG S, ZHAO L. Noncooperative hovine iris recognition via SIFT[ J]. Neurocomputing, 2013, 120 310 —317.
[9] KUMAR S ,PANDEY A ,SATWIK R S K , et al. Deep learning framework for recognition of cattle using muzzle point image
pattern| J ]. Measurement ,2018 ,116: 1 —17.
[10]  ZX3E KM H Tk, JeT LA Y A4 6 56 R R Uk M e B [ )] A0l TRE244 ,2017,33(11) 1171 - 177.
CAI Cheng,SONG Xiaoxiao, HE Jinrong. Algorithm and realization for cattle face contour extraction based on computer vision
[ J]. Transactions of the CSAE,2017,33(11) :171 —177. (in Chinese)
(11 PFDIDL e e I A, BT CAd 2 R S PO e I S A ] P R §417,2020,22(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)
[12] DUY, KOU Y, LI B, et al. Individual identification of dairy cows based on deep learning and feature fusion[ J]. Animal
Science Journal, 2022, 93(1) . 13789.
(131 falARfd, XU, ARATEE 4% L TR0 YOLO v3 BUBME IR MARGT ) ], AR 202051 (4) :250 —260.
HE Dongjian, LIU Jianmin, XIONG Hongting, et al. Individual identification method of milking cows based on improved YOLO
v3 model[ J]. Transactions of the Chinese Society for Agricultural Machinery, 2020,51(4) :250 —260. (in Chinese)
[14] LIW, JIZ, WANG L, et al. Automatic individual identification of Holstein dairy cows using tailhead images[ J]. Computers
and Electronics in Agriculture, 2017, 142. 622 - 631.
[15] HU H, DAI B, SHEN W, et al. Cow identification based on fusion of deep parts features[ J |]. Biosystems Engineering, 2020,
192, 245 -256.
[16] XIAO]J, LIU G, WANG K, et al. Cow identification in free-stall barns based on an improved Mask R — CNN and an SVM[ J].
Computers and Electronics in Agriculture, 2022, 194, 106738.
[17] KM, ERHBE, Tk, 45 B T3 5L A E RS M AR R H 250 T 054 MR [T ], Rl ML =412, 2023 ,54(6)
272 -279.
SI Yongsheng, WANG Chaoyang,ZHANG Yan,et al. Individual identification of dairy cows under unrestricted conditions based
on fusion of depth and traditional features[ J]. Transactions of the Chinese Society for Agricultural Machinery,2023,54(6) .
272 =279. (in Chinese)
[18] TASSINARI P, BOVO M, BENNI S, et al. A computer vision approach based on deep learning for the detection of dairy cows
in free stall barn[ J]. Computers and Electronics in Agriculture, 2021, 182 106030.
[19] ZHAO J M, LIAN Q S. Compact loss for visual identification of cattle in the wild [ J]. Computers and Electronics in
Agriculture, 2022, 195 106784.
[20] WANG Z, BOVIK A C, SHEIKH H R, et al. Image quality assessment: from error visibility to structural similarity[ J]. IEEE
Transactions on Image Processing, 2004, 13(4) . 600 —612.
[21] HUERTAS-TATO J, MARTIN A, FIERREZ J, et al. Fusing CNNs and statistical indicators to improve image classification
[J]. Information Fusion, 2022, 79 174 - 187.
[22] XU B, WANG W, FALZON G, et al. Automated cattle counting using Mask R — CNN in quadcopter vision system[]J].
Computers and Electronics in Agriculture, 2020, 171 105300.
[23] ZHANG R, JIJ, ZHAO K, et al. A cascaded individual cow identification method based on DeepOtsu and EfficientNet[ J].
Agriculture, 2023, 13(2) . 279.
[24] ZHU X, HU H, LIN S, et al. Deformable convnets v2;more deformable, better results[ C] // Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition,2019: 9308 —9316.
[25] LIX, WANG W, HU X, et al. Selective kernel networks[ C] //Proceedings of the IEEE/CVF Conference on Computer Vision

and Pattern Recognition,2019. 510 -519.
(THE 602 TT)



602 YA A VIR = ¢ 2025 4F
learning[ C] // Proceedings of the AAAI Conference on Artificial Intelligence, 2017, 31(1) ;4278 —4284.

[28] BREDIN H. TristouNet; triplet loss for speaker turn embedding[ C ] Vi Proceedings of the IEEE International Conference on
Acoustics, Speech, and Signal Processing (ICASSP). IEEE,2017.5430 - 5434

(207 R, EEH, DER, % T SimCC-ShuffleNetV2 1528 AL W4 S8 AR 73 [ J]. Ak ALAk 244, 2023,
54(10) ;275 —281,363.
SONG Huaibo, HUA Zhixin, MA Baoling, et al. Lightweight keypoint detection method of dairy cow based on SimCC-
ShuffleNetV2[ J ]. Transactions of the Chinese Society for Agricultural Machinery, 2023,54 (10) ;275 - 281,363. (in
Chinese )

[30] SANDLER M, HOWARD A, ZHU M, et al. Mobilenetv2; inverted residuals and linear bottlenecks[ C] // Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition, 2018 ; 4510 —4520.

[31] LIUS, DENG W. Very deep convolutional neuralnetwork based image classification using small training sample size[ C] //
2015 3rd TAPR Asian Conference on Pattern Recognition (ACPR). IEEE, 2015 730 —734.

[32] HAN K, WANG Y, CHEN H, et al. A survey on vision transformer[ J]. IEEE Transactions on Pattern Analysis and Machine
Intelligence, 2022,45(1) .87 —110.

[33] LIUZ,LINY, CAOY, et al. Swin transformer; hierarchical vision transformer using shifted windows[ C] // Proceedings of the
IEEE/CVF International Conference on Computer Vision, 2021:10012 —10022.

[34] HE K, ZHANG X, REN S, et al. Deep residual learning for image recognition[ C ] // Proceedings of the IEEE Conference on

Computer Vision and Pattern Recognition, 2016:770 —778.

(k#5590 TT)

[26]

[27]

(28]

[29]

(30]

[31]

(32]

(33]

ZHANG H, WU C, ZHANG Z, et al. Resnest: split-attention networks[ C] // Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition, 2022 2736 —2746.

DAI Y, GIESEKE F, OEHMCKE S, et al. Attentional feature fusion[ C] //Proceedings of the IEEE/CVF Winter Conference
on Applications of Computer Vision, 2021 3560 —3569.

CHANG D, DING Y, XIE J, et al. The devil is in the channels: mutual-channel loss for fine-grained image classification|[ J ].
IEEE Transactions on Image Processing, 2020, 29 4683 —4695.

SELVARAJU R R, COGSWELL M, DAS A, et al. Grad-cam: visual explanations from deep networks via gradient-based
localization[ C] // Proceedings of the IEEE International Conference on Computer Vision,2017: 618 —626.

T ZEAT I, T RE T, 4. F AR A A AR WAL B AR A R SR ) LU FaE [ )] KRB AR 5441,2022,43(2) .74 - 81.
FENG Lu, LI Qifeng, DING Luyu, et al. Comparative research on sensor layout strategy of natural ventilation cowshed
environment monitoring[ J]. Journal of Livestock Ecology, 2022, 43(2): 74 —81. (in Chinese)

Xt G5 2K 5, . B RIS ECS WA W FLVERE S AT B CHE BT [ 1], B O R 2 4R, 2023,54 (2)
617 —629.

LIU Aiyu, FENG Man, LI Yongliang, et al. Correlation analysis between environmental parameters of rolling shed and
lactation performance and behavior of dairy cow[ J]. Acta Veterinaria et Zootechnica Sinica, 2023, 54(2): 617 -629. (in
Chinese)

ANDREW W, GAO J, MULLAN S, et al. Visual identification of individual Holstein-Friesian cattle via deep metric learning
[J]. Computers and Electronics in Agriculture, 2021, 185. 106133.

WANG Y, XU X, WANG Z, et al. ShuffleNet — Triplet: a lightweight RE-identification network for dairy cows in natural
scenes| J]. Computers and Electronics in Agriculture, 2023, 205 107632.





