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Abstract: [Objective] Aiming to address the problem of the current Panax notoginseng disease identification
model, with complex structure and large number of parameters, hindering deployment on mobile devices, an
improved model based on single shot multibox detector (SSD) target detection is proposed to enable convenient,
fast and accurate P. notoginseng disease detection. [Method] Based on the SSD model architecture, the
original feature extraction network (VGG16) was replaced by a lightweight convolutional neural network

(MobileNet) to reduce the number of parameters and computation amount of the backbone network. Meanwhile,
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the RFB module was constructed based on the functional relationship between the size of the population wise
receptive field (pRF) in human visual cortex and its eccentricity in the retinogram. The top convolutional layer
of the original SSD model framework was replaced by the RFB module to enhance the deep features of the
network, improve the detection accuracy and detection speed of the lightweight model, and enable multi-scale P.
notoginseng disease detection. [Result] Compared with the SSD model, the RFB-MobileNet-SSD model
reduced the number of network parameters and the computation amount by 96.67% and 96.10% respectively.
The model validation using four different disease data under different weather conditions revealed that the
improved model improved the accuracy by 4.6 percentage point, recall by 6.1 percentage point, F1 accuracy by
5.4 percentage point, and the time of single image detection was shortened from 0.073 s of the SSD model to
0.020 s, and the size was only 54.6% of the SSD model. [ Conclusion] The improved model not only meets the
purpose of real-time detection of P. notoginseng leaf diseases, but is also more convenient for deployment in
mobile devices. Moreover, RFB-MobileNet-SSD shows improved performance for small area disease detection

and is more resistant to interference in complex environments, making it more suitable for P. notoginseng

44 %

disease detection in field environment.
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Table1 Comparison of performance indicators of ablation experiments

P 2 e B MR /% H 1B /% FURS /% I RSP /MB
Network setting Precision Recall F1 accuracy mAP/% Model size
SSD 82.3 75.8 78.9 77.76 126.7
MobileNet-SSD 80.8 72.4 76.4 75.05 69.0
RFB-SSD 87.2 83.1 85.1 83.05 126.8
RFB-MobileNet-SSD 86.9 81.9 84.3 81.94 69.2
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Table 2 Comparison of detection performance of different models

HERf%/% Precision FAME B DU R] /s A58 R~F/MB
LAY IREEIH Ea Sh BB mAP/%  Single image Model
Model Botrytis cinerea Virus disease Powdery mildew Round spot detection time size
SSD 81.31 71.54 74.01 84.19 77.8 0.073 126.7
MobileNet-SSD 78.71 67.43 71.25 82.81 75.1 0.021 69.0
RFB-SSD 87.55 76.12 79.26 89.27 83.1 0.071 126.8
RFB-MobileNet-SSD 86.05 75.97 77.53 88.21 82.0 0.020 69.2
YOLOV3 84.41 70.76 68.61 86.77 77.6 0.042 112.3
Mask R-CNN 90.48 80.39 83.98 90.29 86.3 2.139 211.8
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Fig. 6 Confidence comparison image

DL I F 9 TR RO L 22, T2 BN R 1 K
o3 DX IR /N 993 B35 1R R 08 R AR AN B 52, Ao U BT
KK E MRS B, S B Z 52 ERE,
A5 55 /N A PR RS W 8 SR %5 22 « RFB-MobileNet-
SSD ik RFB A& 83 5 1 55 A [ 407 1 43 9 Re
77, SR AN FRFAE Rl Ar s BEAE SR IUE = 2 R
(RFAE, AT SR EX 8 P B8 = i 5 R, 1K
XE/NE AR (ER ) LA BRI DX 30N BH S (1) 93 2594
(RUENE, 31X 2 Fhops E A I I HER R
2.7 ERIEEMXTE IR

SRR R PR R F R AE S P T R S R KR
1B TAEMRE 77, =Gt i 35 10 S b e W o A7 72
PRSP, 90 a0 d B v BUR B A

W35 Fog

SSD

RFB-MobileNet-SSD

B 1 24 34 4 20 ARG B R EDRI BUDE ; RARB T RoR B A

TIN5 RS SR G N =
P, BEWSAE AR 264 N RIEAS DU B HERf M o BEMLIE
B A o0 B R A7 S A4 I S5 E SR R
MR Fr, 25 38 E 7 s . IRES 5 S FE M5
T~ SSD AU T 2K 8 i BRI R KT RFB-
MobileNet-SSD, H 25 ¥ 15 SSD A5 7 A AR
[ 99 X 35, RFB-MobileNet-SSD £ il 7%
V] F 4995 1) B A5 P A 3 89% [ R 3R 851 5 4 1) 3R 155
T, SSD LAY 5955 15975 A R 998 AR U AR IR T
RFB-MobileNet-SSD, H Hi#l B & A, SSD A
ST OB 78 B, R0 X 3 PR R I AE S B K S
FERLIA], SSD A5 B} T+ [ B 5 (1 A5 0 28455 7 v T
RFB-MobileNet-SSD ]

72 [7] Night

1) Night

N1, 1

1,2, 3 and 4 in the figure indicate Botrytis cinerea, virus disease, powdery mildew and round spot respectively; The rest numbers represent confidence

E7 SEHMsItLE

Fig. 7 Robustness comparison image
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