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Abstract: Aiming at the problems of low accuracy and poor real-time performance of plant leaf disease recognition in the
field of agricultural information, a plant leaf disease recognition method based on lightweight Convolutional Neural Network
(CNN) was proposed. The Depthwise Separable Convolution (DSC) and Global Average Pooling (GAP) methods were
introduced in the original network to replace the standard convolution operation and the fully connected layer part at the end
of the network respectively. At the same time, the technique of batch normalization was also applied to the process of training
network to improve the intermediate layer data distribution and increase the convergence speed. In order to comprehensively
and reliably evaluate the performance of the proposed method, experiments were conducted on the open plant leaf disease
image dataset PlantVillage, and loss function convergence curve, test accuracy, parameter memory demand and other
indicators were selected to verify the effectiveness of the improved strategy. Experimental results show that the improved
network has higher disease recognition accuracy (99.427%) and smaller memory space occupation (6.47 MB) , showing
that it is superior to other leaf recognition technologies based on neural network , and has strong engineering practicability.

Key words: Convolutional Neural Network (CNN); plant leaf disease; image classification; Depthwise Separable
Convolution (DSC); Global Average Pooling (GAP)
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convolution and standard convolution
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Tab. 1 Information of different levels of improved network
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Fig. 4 Some images of plant leaf

disease dataset
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Tab. 2 Comparison of algorithm performance indexes before and after

extending dataset

ok _ SRR 4 ‘ _ %}”EE%ME% ‘

A5 HE 1% PN BUERI% F1PE53% A5 1% EES BUER % F1F45%
R 97. 281 0.093 4 97.294 97. 367 98. 304 0.0524 98. 306 98. 301
les 98. 476 0.044 1 98.271 98. 459 99.392 0.0262 99. 394 99. 392

ANFR 2 AT LU M o RS 1 5 B A A XS 9 B 4R
AT ICUS AR G0 N 4 RO 5 P 48 16 25 He bR 3 B gt #2
Th A 2550 1A B 4 8o 0 TR G B R A 0 5Ok
97.281% $& FI- % 98. 304%; - ¥ £x 1l 2 M\ 97.294% & T+ %
98. 306% ; 72 F1 PE43 M 97. 367% 42T+ % 98. 301%., X T4
TEA B AR T, 38 2ok BEATL A 3 T e o 2t A AR X it i 2
P AT GO A5 B 04 SR A AR BRI 1S BT 2 &) B T i
o HSE L AR , X SSRAE 192 AL PERETE AT, FE 0T ZE I
ZrAE B AT IR REAS 3 1T i AR BE . R TR o A
T, 47 70 )5 A B 42 v A5 SN R AR B AR ] o3 A 38 5, X
ARSI XS &0 2% 2 i BRAS i 1) e — el RE L2,
SRR AL RE T , BT 7R PRt R A3 LUAR R
3.3.2 Btk Rk xd KM R 69k

AN DA P4 NI 25 e ) A 5 TS 0T e 5 s Xof
SEHR A A FE I o IR B S i TR TR A R Y AR 0 B )
2R IR RE T, Y2 ] 52 e T 4SS 280 3R A5 Mk e 44 i I A il
JITAE R () A

(&7 R T AR GBI R A R AE B TR B A L ARG
I PN NN Rt S D S Ol i i L O (2 & e e
AT (R A% L B T 0 R 8 LA S T A g i 2% ), 3
SR DR R R B AT 3 B A RURT 4 oy ST 3t Ak SR W 1) 2855 A 280 0k

TSR SRR G TR 2 B 2R A B U e
B T AR AS B RN B 22 M U5 R A, B v 1z
AANIE BT REAS B BE 7, BE AR E3RAT T 34 iy sl
K RE T SR AR A 2y H P R B 2 M0 B BOH AR AR R
ZACTERERE , JF AN RETE 27 > 2o A v A4 5 H 4 vy P15
RHIE . MACSIGH BE T TR, Bt 5 B A2 2 81 epoch T Uy
WSS, 1 SRR S TR AE S 74 epoch FF IR TSI, S48 e S5 i
18 TGN (B 255 R I 5 R mT A& B, it ) e Ay
Rt B T I S P I B R A RE RS TE A 23 E] A AR A
il aiiE = 8

34N T [ SOt S 2L X T I A5 R B R
L T A & R AT B RS 42 R P b AL R 1)
DNORS B S A0 2k o AR 3 R LA Y, 4 A v 45 RIS 57
A 2 A SO E R R T PERERER T, 15 2 A RCR B
W1 RPN S BT M UG R R CETE TS
WO P R AT 42, X IR0 HE A D0 A B B G 4t e e 12 )
B, L 3 T T A RS 0 A BURSS 7 AU A
FRIE 5 BB A RS 7E — R B Lk A BUZ AR 3 i 2 8L
b, IFARATA S R EORS L, XA A T B8R T AR SO E A
BEA BT S A MNE . WSS SLIR IR AT DU B, TR AT
Oy B RS 2R T H b AL SRS 1 45 5 (BB AE IR Bk A



% 6

el 2 K T 82 SR A AT M KA et B R R ik 1817

R ERORG E S B R BB R HE— 2R BIE 1 BT D ik i T AR

P ot
1.0
00 ]j\ --------- TR
Eo.4 —— B
0.0

0O 2 4 6 8 10 12 14

HRH
(a) W32KE i L 43¢
3.0
K L TR
E2.0 | S O S N s LSgs
= \ —e— AR
20 \V \
0.0 ah gt
0 2 4 6 8 10 12 14
AR
(b) MR g

7 PR ARG TR A TR A PR AR L4
Fig. 7 Performance comparison between
traditional model and improved model on extended dataset
F3 AEMERBASHIKER
Tab. 3 Test results of different combinations of
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VGG+GAP 98. 817 0.037 8
AR AR 99. 392 0.0262
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Tab. 4 Comparison of parameter number and

running time before and after improvement

» FETE ) IR o
TBETR - E e ‘j,ﬂi X ST ] /min
K/NMMB AT ] /s
JREAEA 632,79 165 881 958 586 169. 866
[lgiig Rl 6.47 1695 873 233 60. 251
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Tab. 5 Influence of initialization type and

activation function on test results

il RS 2 /% HIGREILEN
E+ReLU 99.392 0.0262
i #i+PReLU 99. 399 0.0236
Xavier+ReLU 99. 404 0.0227
Xavier+PRelLU 99. 427 0.0214
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Tab. 6 Influence of global pooling type on test results

ARt WA /% HIFSEES
AR 99. 392 0.0262
KAk 98.971 0.0316
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Fig. 8 Visual convolution feature maps
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Tab. 7 Performance comparison of different methods on
PlantVillage dataset

Jrik MERAE /% F1PEM%  S80E10°
ARICTT 99. 427 99.216 1.69
SRk 200977 98. 200 97. 000 14.70
SCHR[ 21 1977 98. 340 — 0.54
4 HiE
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