20214 11 J4 &l B 5 ARk 55 52 % W4T

doi:10.6041/j. issn. 1000-1298.2021. S0. 034

E T it YOLO v3 - tiny BUB4-2L 5 & B 3l 77 7%

TEH g OB OFZ kAR ox m'e
(ol 27 AR 0 M 36 5555 P 5 7 68 4 56 % I 100083,
2. ol A MR RT3 B AR A T 505 % LS 100083)

FEE : U R AR LT A A M 7% 2F 3L 55 2 RS B AR ) 38, 48 8 T — Fh et YOLO v3 — tiny W W54 3L 15 % A sh i
WJ7 3k Mg T SR I A4 s ER A A Y . BGH YOLO v3 — tiny 823k DL YOLO v3 — tiny g B, B E B2 S
WAL J2 22 BB 25 190 5, 800 1) 45 R BE , BEAT T2 TR R A B B R A EE b A Y 43 28 5 RC YR TE R 4 Y O S o
AT 4588 (Squeeze and excitation, SE) 7 & Jy B, 58 A6 A BURRE , 14 558 FRAF B /) R IURE J) 5 dc 5 L3 T BT oF
# ReLU \Leaky Rel.U Y5 Swish (88 , & BB pR AL Swish {7305 R AL ReLU Fl Leaky Rel.U, SiCH: 9 2% 451 A0 3=
B 4345 B T 4 BT PR RO WO Swish SR BRAIC . BICHE S 0 07 AR S B A6 ARG 00 AR TR AG D 25 SR IR 2l 94.8% ,
W2 Ky 97. 5% - IR WAE B 97. 9% ,F1{HHy 96. 1% , 5L GBI RUAH L, MR 3428 5 1 9.9 AN E 43 o5, 3 [l e 42
T LT AE SR PRI AR T 2.2 A E A AL FLER R T 6.2 AN E 4R M RE AR E T YOLO v3 — tiny
TR VR S B R O A SR o A A R A D B AT 2R 3L A MR B o AR AT 0 TR 25 S TR A L AR
WAL 5 R KRB, LUK AN BRI AT 0 . &5 R F W, 04 3L 5 RAG RS RT3k 77. 3% o WE 3% )7 ¥
A A% 52 L5 24 DG B T A5z 19 4 0 R o2 I T 005 44 2L B e A

KFWE: Ui AR RE 2 ik YOLO v3 —tiny; #ETAMEAR; HAR R

b E 4 %S TP391 XEkPRIRAD: A XEHS: 1000-1298(2021)S0-0276-08

Automatic Detection Method for Dairy Cow Mastitis Based on
Improved YOLO v3 — tiny
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China Agricultural University, Beijing 100083, China
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Abstract. Mastitis is a disease that affects the health of dairy cows. Timely detection of mastitis can
improve the efficiency of mastitis treatment and reduce the economic loss of dairy industry. Aiming at the
problem of low accuracy of thermal infrared technology in detection of cow mastitis, an improved YOLO
v3 — tiny algorithm was proposed to construct a model for automatic detection of key parts of dairy cows,
and a model for automatic detection of key parts of dairy cows was constructed. The improved YOLO v3 —
tiny algorithm was based on the traditional YOLO v3 — tiny. Firstly, the residual network was added
between the convolutional layer and the pooling layer to increase the depth of network, so as to carry out
deep level feature extraction, high-precision detection and classification. Secondly, the attention module
of squeeze and exception (SE) was added to the key position of the network to strengthen the effective
features and enhance the performance ability of the feature map. Finally, the performance of the
activation function ReLU, Leaky ReLLU and Swish was compared. It was found that the activation function
Swish was better than the activation function ReLLU and Leaky ReLU, so the activation functions in the
convolutional layer of the backbone of the network model were changed to the Swish activation functions.

The detection results of the improved model for key parts of dairy cows had the accuracy value of 94. 8% |,
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the recall rate value of 97.5% , the average detection accuracy value of 97.9% , and the F1 value of
96. 1% . Compared with the results of traditional model, the accuracy value of the improved detection
model was increased by 9.9 percentage points, the recall rate was increased by 1.7 percentage points,
the average accurate detection accuracy value was increased by 2. 2 percentage points, and the F1 value
was increased by 6.2 percentage points, performance indicators were better than the traditional YOLO v3 —
tiny model, and it had little effect on the detection speed, which met the requirements of real-time
detection. It showed that the algorithm can detect the key parts of dairy cows. And the target detection
algorithm was used to conduct a dairy cow mastitis detection test. The obtained temperature difference
was compared with a temperature threshold to determine the incidence of dairy cow mastitis, and the
somatic cell count method was used to verify it. The results showed that the accuracy rate of dairy cow
mastitis detection could reach 77.3% . It was proved that the method can achieve precise positioning of
key parts of dairy cows and can be applied to detect dairy cow mastitis.

Key words: cow; mastitis detection; deep learning; improved YOLO v3 — tiny; thermal infrared

technology ; target recognition
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Fig.1 Schematic diagram of cow thermal infrared
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