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Pear Leaf Disease Spot Counting Method Based on GC — Cascade R — CNN

XUE Wei' CHENG Runhua' KANG Yalong® HUANG Xinzhong' XU Yangchun® DONG Caixia’
(1. College of Artificial Intelligence, Nanjing Agricultural University, Nanjing 210095, China
2. College of Resources and Environmental Sciences, Nanjing Agricultural University , Nanjing 210095, China
3. Fruit Research Institute, Fujian Academy of Agriculture Sciences, Fuzhou 350013, China)

Abstract; In order to improve the efficiency and accuracy of pear leaf disease degree diagnosis, a pear
leaf disease spot counting method was proposed based on global context Cascade region-based
convolutional neural network ( GC — Cascade R — CNN). The backbone feature extraction network of the
model was embedded in a global context feature model ( GC — Model) , to establish effective long-range
dependency and channel dependency for enhancing the feature information. The model fused shallow
detail features and deep rich semantic features by feature pyramid networks (FPN). ROI Align was used
to replace ROI Pooling for regional feature aggregation and enhance the target feature representation.
Bounding box regression and classification of target regions were performed by using multilayer Cascade
networks to complete the disease spot counting task. In the test of pear leaf disease images, the mean
average precision (mAP) of the model reached 89.4% for all types of disease spots, and a single image
processing average time of 0. 347 s, ensuring real-time operation while improving detection accuracy. The
results showed that the model could effectively detect multiple types of disease spot targets from pear leaf
disease images, especially for the detection of anthracnose spots; and the coefficient of determination R’
of the regression of disease spot counting values and true values of different kinds of pear leaf diseases
were all greater than 0. 92, indicating that the model had high accuracy of disease spot counting. This
study solved the difficulty of pear leaves disease degree diagnosis, and provided a new idea for the
diagnosis of pear disease conditions and symptoms in automated agricultural production.

Key words: pear leaf; disease spot counting; Cascade R — CNN; global context feature; attention

mechanism ; small object detection
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Tab.1 Backbone network structure

W 2 B B I £ 55 1y i th
Convl 7 x7 Conv,64, stride A 2 250 x250 x 64
Conv2_1 3 x 3 max pool, stride }j 2 125 x 125 x 64
Conv2_2 Bottleneck x 3 125 x 125 x 256
Conv3_1 Bottleneck x4 63 x63 x512
Conv3_2 Global Context Model 63 x63 x512
Conv4_1 Bottleneck x 6 32 x32 x 1024
Conv4_2 Global Context Model 32 x32x1024
Conv5_1 Bottleneck x 3 16 x 16 x2 048
Conv5_2 Global Context Model 16 x 16 x2 048
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Tab.2 Comparison of detection results of different target detection networks

p— A PG R % kol
i B 1 B AT I 6] /s
RetinaNet R50 — FPN 84.6 83.7 82.2 78.1 0. 089
Faster R — CNN R50 — FPN 87.5 85.8 84.5 82.2 0.221
Libra R — CNN R50 — FPN 88.3 87.7 87.2 83.4 0. 269
Cascade R — CNN R50 — FPN 90. 8 89.9 88.5 84.4 0. 303
GC — Cascade R — CNN R50 — FPN 91.2 90.3 89.4 86.7 0. 347
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Fig.8 Detection results of pear disease spot
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Fig.9 Comparison of pear anthrax spot detection
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Tab.3 Comparison of detection performance of

different network structures

o 4% 2544 ARSI S P BRI R %
RetinaNet R50 — FPN 78. 1
RetinaNet + GC — Model R50 - FPN 80.3
Faster R — CNN R50 — FPN 82.2
Faster R — CNN + GC — Model RS0 — FPN 84.6
Libra R — CNN R50 — FPN 83.4
Libra R — CNN + GC — Model R50 — FPN 85.6

H T E GC — Model 7E = R 1E $2 B 28 A
[7) By Beiix A B 520, 78 ResNet — 50 ) Conv3 .Conv4 |
Conv5 9B 43 73l B fix A F12H & ik A, LA Cascade R —
CNN e o 0 2% 3E 17 52 56 %) 1E, & F M 4% 1
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R4 NARRAB BRI YERE . 1445 T4 )R
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Conv4 [y Bt Convs By Britk A S8 T Lb Conv3 [ Bt
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Fig. 10 Comparisons of pear disease spot counting results between measured and calculated values
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