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The detection of rice leaf diseases based on improved YOLOv3

ZHAO Hui*?, LI Jiancheng?, WANG Hongjun*?, YUE Youjun'?

(1.School of Electrical Engineering and Automation, Tianjin University of Technology, Tianjin 300384, China; 2.Tianjin
Key Laboratory of Complex System Control Theory and Application, Tianjin 300384, China)

Abstract: In order to solve the problem of inaccurate detection of small spots in rice, a rice leaf disease detection method
Rice-YOLOvV3 based on the improved YOLOv3 was proposed in this study. First, the K-means++ clustering algorithm
was used to compute the new anchor frame size for data matching. Second, the activation function Mish was used to
replace the Leaky Relu activation function in the YOLOvV3 backbone network with a goal to improve the detection
accuracy of the network by use of the smoothing property. And, the CSPNet was combined with the residual module in
DarkNet53 to avoid the repetition of the gradient information and increase the learning ability of the neural network to
improve the detection accuracy and speed. Finally, the attention mechanism ECA and CBAM modules were introduced at
the FPN layer to solve the feature extraction problem at the feature layer stacking and improve the detection ability of
small spots. In the training process, the COCO dataset was used to pre-train the network model to get the pre-training
weights and improve the training effect. The results showed that the mean average precision mean(mAP) of
Rice-YOLOV3 for in the rice leaf disease amounted to 92.94%, of which the mAP values of rice blast, brown spot and
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leaf blight reached 93.34%, 89.68%, 95.80%, respectively. Compared to the YOLOv3, the mAP of Rice-YOLOvV3
detection increased by 6.05 percentage points and the speed was improved by 2.8 frames/s, and the detection ability of

small spots of rice blast and brown spot was significantly enhanced including those small spots missed by the original
network model. Comparing with the models of Faster-RCNN, YOLOVS5, etc., the Rice-YOLOv3 improved the ability of

recognizing the similar and tiny diseases as well as the detection speed.

Keywords: rice leaf disease; YOLOV3; disease detection; attention mechanism; image processing; target detection
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Table 1 Number of images and samples of each disease on

rice leaves

REMAE YN WiEdgE MRS AR
MBI 997 104 99 4 864
FEMRRIS 962 102 136 2552
AR 1475 176 189 4216
JESa 3434 382 424 11632
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Fig.1 CBM module and CBL module
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Table 2 Ablation test performance index
HERRIT TR TR FLee R
ML TR H AR (b s7%)
YOLOv3 83.66 85.17 91.84 86.89 82.4 15.7
YOLOv3-Mish 85.28 85.73 91.35 87.46 82.9 13.2
YOLOv3-anchor 83.84 86.39 93.45 87.89 83.4 15.7
YOLOvV3-CSP 85.66 89.58 89.14 88.13 84.1 20.3
YOLOv3-anchor-Mish 86.39 88.62 92.26 89.09 84.8 13.2
YOLOv3-anchor-CSP 85.72 90.94 91.81 89.49 85.3 20.3
YOLOvV3-Mish-CSP 85.95 90.43 90.69 89.02 84.9 19.1
YOLOv3-anchor-Mish-CSP 86.64 91.52 92.78 90.31 85.5 19.1
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Table 3 Detection accuracy of three diseases of rice leaves by inserting

different attention mechanisms at different locations %

RS — +fg il TR

WEE REERE MR BIE
TCER IS 86.64 91.52 92.78 90.31
1-ECA 88.92 92.37 91.45 90.91
2-ECA 84.15 89.98 90.32 88.15
3-ECA 88.62 92.01 93.28 91.30
4-ECA 87.84 91.98 92.62 90.81
1-CBAM 88.67 93.14 93.03 91.61
2-CBAM 87.86 88.12 91.91 89.30
3-CBAM 87.65 92.09 93.37 91.04
4-CBAM 87.88 90.74 91.70 90.11
1-ECA+3-CBAM 89.24 92.47 93.22 91.64
3-ECA+1-CBAM 89.68 93.34 95.80 92.94
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i R E 2y 31| 2 CenterNet . RetinaNet .
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Table 4 Performance of different target detection models

ERF RIS 3k — Rl VRS Fuaee  TODEE
R P AR i s)
CenterNet 86.33 95.59 87.18 89.70 81.8 25.6
RetinaNet 53.20 68.14 63.63 61.66 62.1 23.4
Faster—RCNN 85.28 85.73 91.35 87.45 81.3 6.8
YOLOvV3 83.66 85.17 91.84 86.89 82.4 15.7
YOLOvV5 82.88 90.94 88.26 87.36 80.8 211
Rice-YOLOv3 89.68 93.34 95.80 92.94 88.7 18.5
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