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Abstract: [Objective] In order to achieve rapid and accurate identification of pests and diseases in the early
disease stage of bergamot in complex background, we proposes a YOLOvV5-C-based method for the
identification of bergamot pests and diseases. [ Method] The YOLOV5s network model was used as the base
network. The multi-scale feature fusion module was proposed and introduced to improve the feature extraction
and feature fusion capability of the network model, and to improve the recognition accuracies of different
bergamot pests and diseases in a balanced manner. The attention mechanism module was used to upgrade the
attention degree of the network model to the information of target features of pests and diseases, weaken the
interference information of complex background, and raise the recognition accuracy of the network model. An

improved C3-SC module was used to replace the C3 module in the PANet structure to decrease the number of
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parameters in the network model without lowering the network model recognition performance. [Result] F1

score of 90.95% and mean average precision of 93.06% were achieved when identifying the bergamot pests and

diseases under a complex background using the YOLOvV5-C method. The size of network model was 14.1 Mb,

and the average detection time was 0.01 s per image on the GPU. Comparing with the original YOLOVSs, the

mean accuracy of YOLOvVS-C increased by 2.45 percentage point, the standard deviation of the average

precision for seven categories was reduced from 7.14 to 3.13, and the coefficient of variation decreased from

7.88% to 3.36%. Moreover, the mean average accuracy was 22.30, 20.65, 4.84 and 2.36 percentage point higher

than those of RetinaNet, SSD, Efficientdet and YOLOv4, respectively. [ Conclusion] The method can quickly

and accurately identify bergamot pests and diseases under complex background, and provide a reference for

intelligent management of bergamot cultivation industry.

Key words: Bergamot; Pest and disease identification; Object detection; Lightweight; Multi-scale feature

fusion; Attention module
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Table 1 Basic information of bergamot pest and disease dataset
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model
parg COEIE e gaRt @i
Serial MR Network Input No. of
No. Input source layer size channels
of current layer
0 -1 Focus  640x640%3 32
1 -1 Conv3x3 320x320x32 64
2 -1 C3 1 160x160x64 64
3 -1 Conv3x3 160x160x64 128
4 -1 C3 3 80x80x128 128
5 -1 Conv3x3  80x80x128 256
6 -1 C3 3 40x40x256 256
7 -1 Conv3x3 40x40x256 512
8 -1 SPP 20%20x512 512
9 -1 C3 1 20%20x512 512
10 [-1,6,4] MSFFM 256
11 -1 C3-SC  40x40%256 256
12 9 Convlxl 20x20x512 256
13 -1 Upsample 20x20x256
14 [-1,6,11] Concat
15 -1 C3-SC  40x40x768 256
16 -1 Convlxl 40x40%x256 128
17 -1 Upsample 40x40x128
18 [-1,4,11] Concatl
19 -1 C3-SC  80x80x512 128
20 -1 Conv3x3  80x80x128 128
21 [-1, 16] Concat
22 -1 C3-SC  40x40%256 256
23 -1 Conv3x3  40x40%256 256
24 [-1,12] Concat
25 -1 C3-SC  20x20x512 512
26 [19,22,25]  Detect

DA 5104 % REAFAERRSBR, £51511,15,19.22,
254 C3-SCHER, B3] 5184 % RE % EHBAY; C3_XEA T
C3BEe o b AR AGHLFAAL S H XA

1) Serial number 10 is the proposed multi-scale feature fusion
module, serial number 11, 15, 19, 22, 25 are the proposed C3-SC
modules, serial number 18 is the multi-scale dimension module;
C3_X represents the number of bottleneck modules in series of C3
module is X
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The data in figures represent confidence levels; The red box in the figure is the detection result of network model, the yellow box is the artificially labeled

target that is missed or misdetected by the network model
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Fig. 6 Detection results of YOLOV5-C and YOLOVSs under different weather conditions
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Fig. 7 The detection effect of pests and diseases similar to branches or spots
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