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1. 41 Cow mouth; 2. 43k Forehead ; 3. #3# Neck; 4. B4 Spine;;
5. FEME Tailbone; 6. [ 22 ik 4R Front left leg root; 7. {ij /2 & Front left
knee ; 8. Hij Z& B Front left hoof; 9. §ij 47 it #R Front right leg root ;
10. A 45 % Front right knee; 11. §ij 45 B Front right hoof; 12. Ji5 Z2 i
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hoof; 15. J& 47 BB #8 Rear right leg root; 16. Jii 47 & Rear right knee;
17. J5 41 B Rear right hoof.
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Fig.1 Dairy cow body position calibration
and key point calibration
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Fig.2 A technical route to cow behavior recognition based on posture estimation and knee joint angle feature vectors
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Fig.3 Dairy cow posture estimation network technology route
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Fig.4 Results of dairy cow stance estimates
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Table 1 Detection results of ResNet101 feature

extraction network on the validation set

I

AR

) 3/ G “K@O0. "K@0.
Network model Input size FLOPs/G PCK@02 PCKE0.1
ResNet101 192192 5.76 0.979 4 0.869 0
ResNet101 256 X 256 10.25 0.982 4 0.9250
A0 A 12 O B P A DX ) T 3 L B o O B
R T AR B2

%2 ResNetl01 M4 PCK@0.1 B &4 Xm0 5T E
Table 2 Detection accuracy of each key point of ResNet101 network at PCK@0.1

HARSE L (DS B A FEAE JHRAR Ji i

Input size Mouth Forehead Neck Spine Tailbone Leg root Knee Hoof
192192 0.9414 0.9212 0.774 6 0.768 3 0.909 5 0.794 1 0.8810 0.939 7
256 X256 0.969 1 0.940 5 0.844 4 0.834 9 0.946 0 0.876 2 0.9559 0.965 5

Elqj’ﬁl%ﬁi'%ﬁ}?q: KA EF)TXTVE’L%*; The numbers in the flgure represent the numbers corresponding to the key points of the cow.
E7 RS ETERADE

Fig.7 Dairy cow stance estimation diagram and heat map
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Table 3 Identification results of different feature

extraction networks for cow posture estimation

[ 245 A TR
Network FLOPs/G ~ Params/M  PCK@0.2 PCK@0.1
Model

HRNet32 10.25 28.54 0.982 1 0.914 2
HRNet48 21.00 63.59 0.982 3 0.919 4
HRNet48* 21.00 63.59 0.962 4 0.853 7
ResNet50 5.38 25.56 0.978 2 0.895 3
ResNet101 10.25 44.55 0.982 4 0.9250
ResNet101* 10.25 44.55 0.979 9 0.906 1

Y+ % {83 R T 40T . Note: * means no pre-training
weights are used.
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Fig.8 Pose estimation results of HRNet48 and ResNet101 networks for cows in lame, normal walking condition
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Fig.9 Posture estimation network without Faster RCNN and the results of this study ’s method

for estimating the posture of cows standing and walking
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Fig.10 Side view of a cow in 3 states of behavior

e 2 58 NN 205, 45 G A R IR OG5 A B2 AR Ak ]
I3 A 2545 4% 2 A7 R AR O B B A A, IR AR IR
ZAH AT o
STEGZE B E W], LSTM ., Bi-LSTM . GRU ., 1-D
Convolution ¥J 1] 5¢ W5 447 R R 51 B9 AT 55, 51
E T R 5 ) 4 91.67% . 94.44% . 86.11% .97.22% .
MAE T H AR 1-D Convolution # RS2 T % 5
() 2 2KE BE 23 9 5 8 LSTM ., Bi-LSTM #il GRU
5.55.2.78 F111.11 H4r i . HHEL T LSTM M 4% , Bi-
LSTM 2% () 3545 1 B8 & 09 fEaf 2, (076 AH 7] 1Y) i
A K/NFBE OO E T, Bi-LSTM 19 R 2% 45 4 1
LSTM & 24 118 258 £ . 1-D Convolution 1%
HIfa7 A K ] 1-D Convolution T 46 405 4 Bk 47,
FEARTEAS DUAS FE B[] B R LA 280 588 AR ) e 2 ) 22
R AE—E B LR S PR A A . Rk, A
S5 K B A BRI B AT AT Sy B A R 1 S R
2) AN [A] 53 2 i B ARG 1 %2 A3 [l S5 R0 i BH M 2
FATIRT AP0 BAMERIAEPEAT | IF 5 47 8 Ak 37 3%
SHAT R ARG HERE A3 [ 3R P 2 g A L
FH 2% 4 TN, 7 AH R SE 9050 N, W% 2R 0 37 B A
x4

BT AAT SRR BB X B, 4 PR A 7R 5 24 3
SE AR R AT 2 AR i ARG SR AN R R LRI I
A BH R 2 W 4 B A7), 1-D Convolution #5558 ) 4G
B 9 LSTM Bi-LSTM .GRU M4 0.107 1.,
0.038 5.0.172 4, # [A1 #4351 It LSTM . Bi-LSTM .
GRU M %% 0.035 7.0.035 7.0.071 5; i 7£ 1E 8 47 7E
1% % T 1-D Convolution 15 %Y %) 45 #4 % 43 7 Lt
LSTM. Bi-LSTM ., GRU I %% & 0.051 5,0.062 5,
0.187 5, A 1% 5] L LSTM .\ Bi-LSTM .GRU 2%
5 0.176 5.0.071 4.0.214 3. {#i i 1-D Convolution
BERUAH LG T RNN W28 47 5 B AF (25 5L, iIX R II T
TGl A T 4 R X A 2R R B A TR . R
Bl R 0 AR FE W AR AR AT B 25 R K, B
7245 1 2R % 55 19 1-D Convolution X 25 14 43 2 A8 7Y
AR 58 4 X 43, T B4 G B 2 1 7% 2 % O
Fhl.

2 LR AR5 r A 9 1-D Convolution 43
FT7 WA AT PR B B s A A A3 [l
BRFNBAR B BH P 2, 1 B3k RE AR G 1 U 7% 4 %
17 AE R AT U S7X 32847 0 .

ARG EB[EHE BERMEBEER

Table 4 Precision(P),recall(R) and false positive rate(F ) values of different classifiers
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Fig.11 Change curve of foreleg knee angle movement
for 3 types of behavior in dairy cows
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A method for cow lameness recognition based on posture
estimation and keypoints feature vector

DU Yuemeng, SHI Hui, GAO Feng, DENG Hongtao
School of Mechanical and Electrical Engineering, Shihezi University, Shihezi 832003, China

Abstract To solve the current problems of low efficiency and low accuracy of automatic detection of
cow lameness in farms, a cow lameness recognition method based on posture estimation and knee angle ei-
genvectors was designed. Given the random behavior of dairy cows, a cow posture estimation dataset was
produced by combining the imaging characteristics of cows under different conditions such as near and far
field of view scales and observation angles. The Faster RCNN convolutional neural network model was in-
troduced into the key point detection of dairy cows to improve the reliability of lameness recognition. Tak-
ing ResNet101 network as feature extraction network, the cow posture estimation network was construct-
ed, and the hyperparameter fine-tuning training method was used to train the migration of the network mod-
el. Based on the information of cow’ s posture and key point coordinate in the video, the angle feature of
the cow’ s knee joint when walking were calculated, and the 1-D Convolution classification model was
used to realize the cow’s lameness recognition. The experimental results showed that the PCK@0.1 value of
the cow posture estimation network based on ResNet101 network model can reach 0.925 0. Compared with
the LSTM, Bi-LSTM, and GRU models, the accuracy of cow behavior classification and recognition of
1-D Convolution model was 97.22% , which was 5.55, 2.78 and 11.11 percentage points higher, respec-
tively. The above results show that the proposed method has a better detection effect on cow lameness in
natural environment, which can provide technical reference for intelligent breeding and management of
dairy caws.

Keywords dairy cow; deep learning; pose estimation; temporal features; behavior recognition
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