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Image Semantic Segmentation and Localization of Brassica chinensis Disease Area Based on Deep Learning
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Abstract
and timely processing of related disaster areas can prevent further spread of the disaster. We proposed a method for semantic segmentation of
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Identifying Brassica chinensis disease areas and separating them from normal plant areas can play a role in protecting B.chinensis ,

B. chinensis disaster area images based on deep learning. The fine-tune FCN was used to segment the plant disaster area in the image with pix-
el-level accuracy for identification, and it was determined by the image positioning marks placed on the ground. As there was currently no pub-
lic B. chinensis image data set taken by drones, a professional drone was used to collect self-built B. chinensis image data set to meet the detec-
tion needs. The results showed that in the self-built data set, the mloU of fine-tune FCN was 53.2%, the pixel accuracy PA for identifying four
types of diseases and health conditions was 85.2% , and the positioning accuracy was 96.8% , which could basically meet the detection and po-
sitioning of disease areas demand. Meanwhile, we compared the performance of the network architecture that we proposed with SDS, RCNN

and FCN, and verified that it had better robustness in fine-grained detection of diseased areas.
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Note: A. The process of acquiring the image of disease area by UAV;
B.Character mark on the ground ; C.Part of the aerial image data
set collected
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Fig.1 Crop image collection
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Note: A. Original image of farmland collected ; B. farmland image after

histogram equalization
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Fig.2 Farmland image
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Fig.3 The fine—tune FCN network structure
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Fig.4 Results of up deconvolution sample stacking at different

pooling layers
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Fig.5 Convergent curve of FCN-32s loss function under differ-

ent initial learning rates
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Fig.6 Position of lesion area detected by UAV
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Table 1 Comparison of the performance of different image semantic

segmentation models under self-built data set %

I H Ttem PA MA MloU FWIoU
SDS 76.2 52.8 32.7 70.1
R-CNN 78.1 64.3 37.2 71.5
FCN 84.6 71.4 50.6 79.4
fine—tune FCN 85.2 73.6 53.2 82.3
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PA=3n,/ 3t (4)

MA=(1-n,) Sn/t, (5)

MloU=(1-n,) Zn,/[t;+Zn;—n,] (6)
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Table 2 Evaluation index of location hit ratio

iH Estimate ; Estimate ;
Ttem Within range Out of range
Actual ; Within range hit(TP) missing( FP)
Actual ; Out of range missing( FN) hit(TN)
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Table 3 Comparison of location hit ratios of different image semantic

segmentation models %

i e G
Item Accuracy Precision
SDS 87.1 84.8
R-CNN 88.1 87.9
FCN 91.8 92.8
fine—tune FCN 94.8 96.8
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