202341 4 &k Lok 2= i o554 % 4 1

doi:10.6041/j. issn. 1000-1298.2023.01. 026

£ F i YOLO v5s 27 B3 R RN 757 5%

v w12 2.3 2 23 L2 o gomed '
daat AT kP Keg ERE HEX
(1M AR K% T2 B, Mt 2100315 2. ARl A b 37 7 2 4 G 9080 %, it 2100315
3.E RN K N T AR BE, AT 2100315 4. B Rtk K2E S R 2% Bt , B 5t 210095)

FEE N RAAS o T 287 BR 0 A 0 A BE O 3 T AROB A S RN A B T 4R T — R T gk
YOLO vSs S35 #Y 28 7= B1 48 S0 1 PR AG I 75 12 o 1 56, ) T 5 38 5w #4538 U7 3 (Mosaic data augmentation, MDA ) §”5¢
B g DL RO R AL s 85, ARG B 25 ( Sparse training, ST) |2 {3 i# 59 42 (Network pruning, NP) A7 {34
¥ (Fine tune, FT) 45y U E F BB, 52 BUAH BY TR 47 5 ik 5 B, T DIOU_NMS 5 GIOU_NMS, DUiR = H AR AE Y
PUIHE B, B (R A AL A i A, ) PR 5 B s O RN 2 o Bl T, AL B0 3k U 7 4 K i R W] 34 97. 8% , B
Wit PGP S5 A R (8] 45 1. 7 s, B MU A0 24 A 0 RF 1) 4L 6 ms o A 28 PR 30T T i 301 5 A 25 9 30 B9 52 B AT O
fiE, % BUER R R 1 0 A AR i 1 00 28 B I K S AR B B 25 4R (P < 0..001) o DL 20 s A Sy J5 7 A T 0 46D F, 242 16 A )
Rty 89. 1% R H A 89. 6%  RAE N 90. 0% , 1% J7 15 HE 45 52 I A 1 1 4 e Aer Ul
R 27 RFRI; W] R YOLO vss ;
hE 4SS TP391. 41 XHERFRIRAG: A X E4HS: 1000-1298(2023)01-0263-08 OSID: e

Estrus Detection Method of Parturient Sows Based on Improved YOLO vSs

XUE Hongxiang'> SHEN Mingxia’® LIU Longshen®® CHEN Jinxin'?> SHAN Wupeng' SUN Yuwen'"
(1. College of Engineering, Nanjing Agricultural University, Nanjing 210031, China
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Abstract; Quickly and accurately identify estrous sows to ensure timely breeding is the key to keep sow
breeding performance. Aiming at the problems of low sensitivity and accuracy rate in sows estrus
identification, according to the interactive characteristics of sows and bionic boars, an estrus detection
method of sows based on improved YOLO v5s was proposed. Firstly, the automatic inspection robot was
used to collect the video data of sows estrus behavior. The Mosaic data augmentation was used to expand
the data set to enrich the data representation and enhance the robusiness of the detection model, and the
estrus detection model based on YOLO v5s was constructed and then optimized by sparse training,
iterative channel pruning and fine-tuning to realize model compression and acceleration. DIOU_NMS was
used to replace the GIOU_NMS to improve the recognition accuracy and keep high detection accuracy
with lightweight-model. The results showed that the average accuracy of the algorithm was 97. 8% , the
average detection time of each picture was 1.7 ms, and the average detection time of each video frame
was 6 ms. Analyzing the interactive behavior characteristics of estrous and non-estrous sows at the end of
lactation, it was found that the interactive duration and frequency of estrous sows were significantly higher
than that of non-estrous sows (P <0.001). On this basis, it was found that when 20 s was used as the
threshold of estrus detection, the sensitivity rate of estrus detection was 90. 0% , the accuracy rate was
89.6% , and the specificity was 89. 1% , the method can be used to rapidly and accurately detect estrus
sows.

Key words: parturient sows; estrus detection; deep learning; improved YOLO v5s
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