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Grape Disease Detection Method Based on StyleGAN2 — ADA
and Improved YOLO v7

ZHANG Linxuan'® BA Yintana' ZENG Qingsong'
(1. School of Elecirical Engineering, Xinjiang University, Urumqi 830017, China
2. National Computer Integrated Manufacturing System Engineering Research Center, Tsinghua University, Beijing 100084, China)

Abstract. Black rot and brown spot disease of grapes are diseases that seriously threaten grape yields,
and identification of grape diseases early is of great significance for disease prevention and control and
grape yield. However, current disease detection methods have a high leakage rate. The black rot and
brown spot were taken as the research objects, a method for detecting grape black rot and brown spot
based on adaptive discriminator enhanced style generation adversarial network combined with improved
YOLO v7 was proposed. Firstly, the grape disease data were expanded by the adaptive discriminator
enhanced style generation adversarial network + deblurring processing. Secondly, the MSRCP algorithm
was used to enhance the image and improve the lighting environment to highlight the characteristics of
disease spots. Finally, based on the YOLO v7 network framework, the BiFormer attention mechanism was
embedded in the feature extraction network to strengthen the key features of the target area. BiFPN was
used instead of PA — FPN to better realize multi-scale feature fusion and reduce computational complexity.
SPD module was introduced in the detection head section of YOLO v7 to improve the detection
performance of low-resolution images. The combination of CloU and NWD loss function was used to
redefine the loss function to achieve rapid and accurate identification of small targets. The experimental
results showed that the accuracy of spot detection in this method reached 94.1% , which was 5.7
percentage points higher than that of the original algorithm, and 3.3 percentage points, 3.8 percentage
points, and 4. 4 percentage points higher than that of Faster R — CNN, YOLO v3 —SPP, and YOLO v5x
models, respectively, which can realize the rapid and accurate identification of early grape diseases,
which was of positive significance for ensuring the development of the grape industry.
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mechanism; YOLO v7
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Tab.1 FID scores for different ways to augment data
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Fig.8 FID score of training process
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Tab.2 Ablation experiment
Ik ¥ty 35 MSRCP  BiFormer  BiFPN SPD NWD  ME#R/% FEER/ % mAP, /%  FPS/(f-s™')
YOLO v7 88. 4 85.5 89.3 78.12
YOLO v7 - A * 89.8 86.5 92.6 71.42
YOLO v7 - B * * 90.3 88.8 93.6 71.42
YOLO v7 - C * * * 92.0 90. 6 94. 1 72. 46
YOLO v7 - D * * * * 93.5 89.9 94.9 80. 65
YOLO v7 - E * * * * * 93.8 88.6 94.6 78. 85
A 3T vk * * * * * * 94. 1 87.7 95. 4 77.12
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Fig. 10 Loss function of different models
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Fig. 12 Model detection renderings
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Tab.3 Detection results of grape disease in different

(a) ATHRE

models
FEARY W2/ %  mAPy /%  FPS/(f-s™')
Faster R — CNN 90. 8 93.7 21.32
SSD 83.5 87.1 59.51
YOLO v3 — SPP 90. 3 92.3 73.52
YOLO v5x 89.7 93.6 63.29
YOLO v5 + BiFPN 90. 6 92.5 75.12
CTR_YOLO v5n 92.2 93.9 156. 25
BTC — YOLO v5s 91.7 93.8 99. 01
NSRS 94. 1 95. 4 77.12
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Tab.4 Influence of attention mechanisms at

different locations %
WEINH 5IALLE HeHh % PERCIR: S mAP,

90. 2 88.8 93.6
Layer JJy 24 90.2 87.4 94.1
Layer 2}y 37 90.8 88.0 93.5

BiFormer

Layer 2}y 50 91.2 90. 1 93.7
SPPCSPC J5 92.0 90. 6 9.1
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Tab.5 Detection results for different attention

mechanisms %
A iRTIES 7 [l % mAP 5
YOLO v7 90. 2 88.8 93.6
YOLO v7 + SimAM 90.9 90.7 92. 1
YOLO v7 + SE 88.2 78. 8 87.3
YOLO v7 + CBAM 90. 4 84.1 92.3
YOLO v7 + BiFormer 92.0 90. 6 94. 1
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Fig. 13 Grad — CAM visualization results
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