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Fig.1 Hardware devices
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Table 1 Image distribution of data sets

corresponding to different BCS values

BCS 44 plE S UL M

BCS level Training set Verification set Total
3.25 868 96 964
3.50 2338 259 2597
3.75 1896 210 2106
4.00 1791 198 1889
4.25 1185 131 1316

Bt Total 8078 894 8972

A:BSC=3.25; B:BSC=3.50; C:BSC=3.75; D:BSC=4.00; E:BSC=4.25.
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Fig.2 Image examples
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Table 2 Evaluation index of physical condition scoring

method based on deep learning %
%% Error
BCS 0 0.25 0.50

P R F P R F P R F

3.25 989 969 979 100 100 100 100 100 100
3.50 98.8 98 984 100 99.6 99.8 100 100 100
3.75 976 99.5 986 100 100 100 100 100 100
4.00 98.9 985 987 99.5 100 99.7 100 100 100
425 99.2 100 99.6 100 100 100 100 100 100
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25
R3 BEEZBINEBERER

Table 3 The confusion matrix obtained by each algorithm

8 Model BCS 325 350 375 400 425
325 94 4 0 0 0
3.50 2 250 0 1 0
EfficientNet-vl  3.75 0 5 208 3 0
4.00 0 0 2 193 0
4.25 0 0 0 1 131
325 94 1 0 1 0
3.50 0 246 1 0 1
MobileNet-v3 3.75 1 9 202 6 0
4.00 1 2 7 190 3
4.25 0 1 0 1 127
3.25 89 10 3 1 1
3.50 6 240 9 3 0
ShuffleNet-v21X  3.75 0 9 185 9 0
4.00 0 0 9 176 3
4.25 1 0 4 9 127
3.25 93 2 0 0 0
3.50 3 254 1 2 1
ResNet34 3.75 0 3 204 4 0
4.00 0 0 5 192 1
4.25 0 0 0 0 129

Rt 5 2% BOASS R PE RE , A B TR 4R
FEAST IR VE FLRE , R AW 5T 1.3 8) " LI HE
FRX} 5 Bh 28 AT 255 AL o PPARZS R E 7 BT
Hp B 7TA~C /Bl BCS 12255 0.0.25.0.50 B, 7
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Application of lightweight convolutional neural network
in scoring body condition of dairy cows

CHENG Can',FENG Tao',HUANG Xiaoping', GUO Yangyang', LIANG Dong', SHI Daoling”

1.School of Internet Technology , Anhui University , Hefei 230039, China;
2.School of Electronic and Communication Engineering , Anhui Xinhua University , Hefei 230088, China

Abstract The body condition score (BCS) of dairy cows is one of the important indicators of animal
health and welfare in precision animal husbandry farm, and an important basis for decision-making and man-
agement. Traditional methods of assessing body condition are mainly manual assessments. The traditional
method is manual evaluation, which relies on human visual or tactile scoring evaluation of specific areas of
the cow’ s body. Although the cost of manual method is low, it is time-consuming and labor-consuming.
The manual evaluation has the disadvantages of subjectivity and low repeatability of scoring results. With
the development of artificial intelligence , deep learning technology has been widely used in monitoring ani-
mal information. However, there is still a need for an efficient and real-time method of monitoring body con-
dition of cow to meet the needs of commercialization. An improved lightweight attention mechanism net-
work model (Shuffle-ECANet) was proposed to solve the problems mentioned above. Firstly, 8 972 image
samples containing the tail of cows were selected , and the body condition of cows was manually scored by
animal husbandry experts to construct a relevant dataset. Then, an efficient channel attention module was in-
troduced into the feature extraction structure of lightweight ShuffleNet-v2 to strengthen the network’ s abili-
ty to extract body condition features of cow. The H-Swish activation function was used to avoid neuronal
necrosis. Finally, the Shuffle-ECANet network model was obtained by further simplifying the network
structure. Three evaluation indicators including precision, recall, and I, were selected to evaluate the perfor-
mance of models. Four models including EfficientNet-vl, MobileNet-v3, ShuffleNet-v2 1X and ResNet34
were used for comparative analysis to verify the performance of Shuffle-ECANet network model. The re-
sults showed that the Shuffle-ECANet model outperformed EfficientNet-vl, MobileNet-v3, ShuffleNet-v2
1X and ResNet34 in the results of evaluating body condition with BCS estimations within 0, 0.25 and 0.50
units, respectively. The effectiveness of Shuffle-ECANet method was proved as well. The lightweight Shuf-
fle-ECANet model proposed had an accuracy of more than 97 % for each category , indicating that the model
can distinguish different body conditions of cows effectively. It will provide the possibility for the refined
management of individual body condition of dairy cows in large-scale pastures and a basis for the future ap-
plication in low-computing power equipment, and a theoretical basis and idea for the commercialization of
scoring body condition of cow.

Keywords body condition score; ShuffleNet-v2 network; attention mechanism; smart breeding;

lightweight ; activation function
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