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Fine-grained Identification Research of Crop Pests and Diseases
Based on Improved CBAM via Attention
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Abstract; Agricultural production is a significant part of Chinese economic development. The prevention
and control of crop pests and diseases are critical measures to ensure crop yield. In order to improve the
accuracy of the crop pests and diseases identification model, a new attention module I_CBAM improved
from CBAM was proposed. By adopting a parallel connection structure of channel attention and spatial
attention, the problem of interference caused by cascade of channel attention and spatial attention module
was solved. By adding I_CBAM, the prediction accuracy of the model can be steadily improved. By
adding I_CBAM to the five convolutional neural network models of InRes — v2, MobileNet — v2, LeNet,
AlexNet, and improved AlexNet, the accuracy of Top — 1 (61 types) reached 86.98% , 86.50% ,
80.97% , 84.47% and 84.96% , respectively. Compared with the original model, it was improved by
0.51, 0.62, 1.74, 0.53 and 0.55 percentage points, respectively. The final results showed that the
parallel mixed attention module I _ CBAM proposed had better recognition effect on fine-grained
classification of crop pests and diseases. And it also had good generalization in different other
convolutional neural network models. Furthermore, by adjusting the channel attention ratio in I_CBAM to
32, the memory size of the MobileNet — v2 transfer learning model with I_CBAM was further reduced to
28.3 MB. Meanwhile, the average time the model used to predict a picture was only 7. 19 ms, which
made a good balance between the prediction cost and the prediction accuracy. Finally, the model was
deployed on the mobile terminal mini application, which had a good visual application effect.
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Fig. 1 Samples of crop pests and diseases dataset
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Tab.1 Labels for crop pests and diseases dataset
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Tab.2 Results of attention module experiments in InRes — v2
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Tab.3 Results of attention module experiments in MobileNet — v2

. Top —1 9o R HJ 1) % & FEAIHLAL/ -
HETH %R/ % (3 28) e %R/ % [ [A] /ms MB

MobileNet — v2 85. 88 87.89 7.18 27.1 2.34 x 10°
MobileNet — v2 + channel attention 86. 06 88. 21 7.33 45.8 3.97 x 10°
MobileNet — v2 + spatial attention 86.36 88.29 7.15 27.1 2.33 x10°
MobileNet — v2 + CBAM 86.21 88.39 7.33 45.9 3.97 x10°
MobileNet —v2 + R_CBAM 86. 38 88.35 7.33 45.9 3.97 x 10°
MobileNet —v2 + I_CBAM 86. 50 88. 65 7.33 45.9 3.97 x 10°
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Tab.4 Results of using different reduction ratios for

MobileNet — v2 embedded I_CBAM
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Tab.5 Top—1 accuracy comparison of three models

%

it LeNet  AlexNet ik AlexNet
JE W) 2% 79.23 83.94 84. 41
J5 M 4% + Channel attention 80. 06 83.61 83.92
JEL M 4% + Spatial attention 80. 00 83.83 84.41
JE R 2% + CBAM 78. 83 83.77 84.93
JE R 2% + R_CBAM 80. 31 83.77 84.89
JR M4 + [_CBAM 80.97 84. 47 84.96
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Tab.6 Disease severity accuracy comparison

of three models %

it LeNet  AlexNet ik AlexNet
JE ) 4% 86.16  87.47 88.52
J5 4% + Channel attention 86. 81 87.43 87.97
JL R 2% + Spatial attention 86. 54 87.35 88.09
% + CBAM 86.60  87.87 88. 44
JE M 4% + R_CBAM 86. 40 87.63 88.29
JE M 4% + 1_CBAM 86. 94 87.98 88.93

R o2l
5 v 1 T

ARESH B

EREE 99 99%

il 0.00%

IEEE Mobilenetv2 > it -
X mEn 0.00%

AT E 0.00%

= Do oo

(a) BEFERL, L AEEE O SREIES

() T E IR LR

M S ATLE ), CBAM Fl R_CBAM 7£ A [m] 5
RIP R BIF A — B, B an7e ek AlexNet F M
CBAM 5 R_CBAM {45 5 o iy 5 5 T AN U I i &
Fi#E Y 2 it AlexNet, {H7E AlexNet ¥ il & S 4%
YOG HBAR T RN & JI B AlexNet, 1j 7£
LeNet | & Bl — & — KA AL, T_CBAM i) £ Al
RIMELFLE A 3 Pk 2 4 TR 28 W 2% | 3 A
T = W HERG 3R, 7F LeNet . AlexNet . 2 i3 AlexNet |-
W I_CBAM J5 43 5l Fb AN U8 N B ) Top — 1 HEAff R
SR T 1. 74.0.53 0. 55 AN A L 0 R R UE
W% 430 #7517 0.78.0.51.,0. 41 A~ 43 s, J@ it
X3 R R A R 4 N 45 0 B RO LG, E BT
I_CBAM EAZ L& ok
3.4 EEERE R AT IR B R A

T ET R P E A M R N RS T
P EIE S . WE 8a T/, B H e F AR AU Ry iR
B0 T T_CBAM (JE45 tb iy 32) ) MobileNet — v2 #5 %1
S A0 SR T B AT — i R R Sk R AR A 4R 2
FNEEE AT R, AN A O E B Rk S
Python [f) Django fEREH M ARG R G, 25 F AR
P AH G A7 2 T8 PR B 1 A7 1R, I 1R B 25 L R
BlZG/NREY . MEIFIBEI R G R 6 MRS R,
R RS B MEIE R .

PN S5 L an 1 8b s, A T g B K BIR R
SLHERRIEE) T 99.99% , /NFE R T AT S T
BRI AR M4 P o il 8¢ . 8d fiw , X F %
it BRE A 7 R R D 4% S L i T ) TR A RS 0
SIEF T 99. 65% F199. 86% |, 1M XiF T+ 7 i B A o5 —
e R 4% T L 9 g — i 1% S0 A 2 0 A A 0. 32%
F0.07% 759 F B BE R FIRr EAE R0, 45 0%
WIES N 7 I_CBAM W RERITE R FE 43 AT 55 EEA
AT FHROR

AREEH (= BEESH (=3
EinthEETE 99.65% DHEECHETE 99.86%
BB 0.32% DHEREDER 0.07%
Bt EE—R 0.00% SRsRsRTE 0.00%

St EEE R 0.00% EREEETE 0.00%
BT R 0.00% OB 0.00%

(d) T BLe A P U R

P8 g e R /N AR P LT RCR R

Fig.8 Effect diagrams of mini program for crop pests and diseases identification
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