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Sheep detection method in farm environment based on improved YOLOv4
LI Yuanzheng, LI Zhanghui, WANG Tianyi

(College of Big Data and Information Engineering, Guizhou University, Guiyang, 550025, China)

[ Abstract] Automatic detection of sheep is the basis for large—scale intelligent sheep breeding. Aiming at the problems of low
efficiency, poor accuracy and easy leakage of detection methods due to fence occlusion in the farm environment and mutual
occlusion of targets, this paper proposed a sheep detection method based on improved YOLOvV4 in the farm environment. The
lightweight network ShuffleNet V2 was used as the backbone feature extraction network, and the ordinary convolution was replaced
by depthwise separable convolution, which improved the detection accuracy and lightened the network. Introduction of attention
mechanisms to enhance feature extraction; DIoU-NMS was used during the prediction phase to improve detection accuracy. The
detection accuracy of the improved method is 93.57% , the detection speed is 60 frame/s, and the parameter amount is reduced to
41.13 MB, which can effectively improve the accuracy and speed of sheep detection in the farm environment.
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Fig. 1 Improved YOLOV4 object detectionnetwork structure
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Fig. 2 Regular convolution operations

A L il

Input Convolutional nuclei Output
E3 REEERRE
Fig. 3 Depthwise convolution operation
1.2.2  ShuffleNet V2 BAICLEHy
ShuffleNet V2 SAICEEHIUNE 4 s, XF T 4FE
RHUATT (K 4(a) )  FERADFRICIF IR I, X GHIE /Y
iy NI RAT O PR, — A SO TR
TGt =R BRUGE W E RS R RSER
A WA S AT PR Gl BB X, Z A
Channel Shuffle 3455 T P4 32 2 [8] B9 15 B AC I .
TE R RAEFIC (- 4 (b)), 4 X 3l 8 i 5 AR ]
AHAR BRIV , — 43 2 2 P2 B U2 5 B R
A8 RHERGT I s 00— A0 S gt =R RIE
PR FRIE RGHECE AN S P2 5 Tl E S5Ok
2X, FEE R SHISE . ShuffleNet V2 BoGi i {# F 1x
1 B RURT 3x3 1) DW B R, K BRI T M 45 1
P18 &[5 i F ] Channel Shuffle {531 7 2 Bt 3] 114
FRIET &
ShuffleNet V2 P 4% H (Y Stage i i [ 4 Wk
(b) SEIT RAE A Z A () HES, LB T
O S S T = 7 G N e 2 R U
ShuffleNet v2, Stage2 L (a) HES 3 UK, Stage3 HE
B 7K, Staged HEZ 3 IR, M AN 3x416x416
Stage2 ,Stage3 Fl Conv JZ2HRILFNY 116x52x52 232

A

26x26 1 1024x13x13 iX 3 FA [ R ~F BUERIEAE K
PANet (%5 A, 38 3 XA [ RS ()RR AIE Bl oK in i
A7 T 159 30 B B AR [RIA, it — 2B RAIR
M5 B PANet Z5F9 1Y 3x3 F ALG L e
RIRBER] 43 B

(a) FAEFEIEATT (b) FREEHIT
El 4 ShuffleNet V2 BT
Fig. 4 ShuffleNet V2 unit
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Tab. 1 Performance comparison on different improvements on test

sets

model AP/ % FPS  ZHK/MB
YOLOv4 91.87 57 243.90
lightweight 93.29 73 39.00
CBAM 91.90 56 246.53
DIoU-NMS 92.05 51 243.90
Lightweight + CBAM 93.44 67 41.13
Lightweight +DIoU-NMS 93.39 63 39.00
CBAM +DIoU-NMS 92.07 50 246.53
Lightweight + CBAM +DIoU-NMS  93.57 60 41.13
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Tab. 2 Classical detection algorithm performance comparison

model AP/ % FPS SHK/N/MB
Faster—RCNN 83.24 17 521.43
SSD 75.75 87 90.07
YOLOv3 72.80 83 234.69
YOLOv4 88.99 57 243.90
YOLOv5s 78.17 108 177.88
ours 91.95 60 41.13
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Fig. 9 Improve the comparison of before and after detection results
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