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Fig.1 Diseases and insect pests of ginger leaf
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Note: Conv module is Conv2d+BN+SiLU, Conv2d is convolution, BN stands for batch normalization, SiLU is activation function, Upsampling is upsampling operation,
Resunit is residual module, C3 1_x convolutional structure integrated by x residual components, C3 2_x convolutional structure integrated by 2x Conv modules, add is
tensor addition, Concat is tensor concatenation, SPPF is spatial pyramid pooling structure, and Maxpool is a maximum pool operation.
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Fig.2 The network structure of YOLOVS
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intrinsic feature map .
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Fig.4 The Ghost BottleNeck structure
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Fig.5 Schematic diagram of the CA attention mechanism module
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Table 1 Performance comparison of YOLOv35s ablation tests
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; ) ; . . R FEJCIES
GhostNet Coordinate Parameters/ Floating point operations Model size/ Precisi P/% Recall R/% Mean average
network attention x10°M FLOPs/G MB recist bz eca ° precision mAP/%
- - 7.24 16.6 14.1 79.2 81.3 82.3
- \ 7.28 16.7 14.2 81.5 84.0 83.9
N - 3.67 8.2 7.62 77.6 81.2 81.6
v v 3.76 8.4 7.79 80.5 83.6 83.8
VE: 27 FORAMERILAE N oRfE IR E.
Note: "—" indicates that this module is not used; "" indicates the use of this module.
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Table 2 Comparison of recognition effect of different models

P ENAN LipE e
- %
it Parameters) FLOPS/  Model Pi% Ri% MAP/ Frames per
Models <10°M size % second
/MB FPS/(i-s™")
Faster-RCNN _ 137.10 3702 1115 454458 462  19.8
SSD 2629 628 933 431442 447  364.
YOLOv4 6436 605 2518 60.8 615 613  50.8
YOLOVSs 7.24 166 141 792813 823  90.6
Tea-YOLOv5s® 733 169 147 804823 83.1 65.4
Thi?aper 3.76 8.4 779 80.583.6 838 765

Wy Tz R E, W 6 Fr.
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i == = i e
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Note: In the figure, the green bold rectangle is the missed detection mark, the rose red bold rectangle is the false detection mark, the yellow bold rectangle is the

positioning error mark.

B 6 YOLOvSs B ATE 494 £ Jm R FARIBORAT I
Fig.6 Comparison of the detection effect of ginger diseases and pests before and after YOLOvSs improvement
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Identifying diseases and pests in ginger leaf under natural scenes
using improved YOLOVSs

LAN Yubin'?3, SUN Binshu'?, ZHANG Lechun'®, ZHAO Denan'?

(1. College of Agricultural Engineering and Food Science, Shandong University of Technology, Zibo 255049, China;
2. Shandong Provincial Engineering Technology Research Center for Agricultural Aviation Intelligent Equipment, Zibo 255049, China,
3. Research Institute of Ecological Unmanned Farm, Shandong University of Technology, Zibo 255049, China)

Abstract: Ginger diseases and pests have posed a serious threat to the yield in recent years. However, the artificial and
mechanical application cannot fully meet the large-scale production at present, due to the slow overall progress and the low
degree low of intelligence. This study aims to develop the intelligent application equipment of ginger for the high efficiency
and accuracy of the intelligent vehicle. A lightweight model was proposed to realize the high-performance deployment of the
ginger leaf disease and pest detection on mobile terminals using improved YOLOVSs. Ghost module of GhostNet was selected
to replace the convolutional layers in the original YOLOvS5s neural network, except the first layer. Ghost BottleNeck was used
to replace the Resunit residual component in the original C3 concentrate-comprehensive convolution block. The lightweight of
the network model was obtained to reduce the number of parameters and the amount of calculation. At the same time, the
memory consumption was reduced in the model weight file. CA attention mechanism module was added after the C3 block in
the feature fusion network, in order to improve the recognition and positioning accuracy. The reason was that the lightweight of
the model caused the feature loss, when the neural network was used to extract the features of the image. The experimental
results show that the number of parameters of the improved YOLOvS5s model was 3.76x10°M, which was 52.0% of the
original. The computational complexity was 8.4GFLOPs, which was 50.6% of the original. The size of the weight file was
7.79MB, which was 55.2% of the original. The average precision and average precision reached 80.5% and 83.8%,
respectively, which were 1.3 and 1.5 percentage points higher than those of the original model. The improved model was
greatly reduced the number of parameters, calculation amount and weight file size for the high detection accuracy, compared
with Fast-RCNN, SSD, YOLOv4, YOLOvVS5s and Tea-YOLOvS5s target detection models. The missed and false detection of
image targets were also reduced, compared with the YOLOvSs model. And the improved network model was required less
hardware conditions. The performance of the improved model was verified on mobile terminals. The Ginger-YOLOvS5s model
was deployed on the Jetson Orin NX development board, where the detection code was rewritten in C++. The model was
accelerated using TensorRT high-performance operator, Int8 quantization processing, CUDA rewriting preprocessing and multi-
thread processing. The final FPS reached 74.3, which was fully met the requirements of operation efficiency in the application
machinery for the real-time detection of ginger leaf diseases and pests. The finding can provide the technical support for the
migration and deployment of the model on the ginger application vehicle.

Keywords: image recognition; deep learning; object detection; lightweight; diseases and pests; ginger leaves
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