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Tomato disease recognition based on lightweight network auto-adaptive
feature extraction
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Abstract: To realize accurate recognition of tomato diseases, a lightweight network auto-adaptive feature extraction
method was proposed. This method firstly performed a correction processing on the image. Then, based on the SqueezeNet
model, a lightweight network model named global and key feature extraction network ( GKFENet) was built. The GKFENet
model included global feature extraction and key feature extraction modules. The global feature extraction module extracted the
global features of tomato diseased leaves layer by layer. The key feature extraction module evaluated the importance of each
channel in the feature images through learning, and calculated the weight value. Finally, the value was weighted on the origi-
nal feature images to realize the adaptive extraction of the key features of the diseases. The results showed that the correction
mechanism helped the neural network to learn features, the average identification accuracy of GKFENet model constructed in
this research was 97.90% , and the model size was only 2.64 MB. In an environment with strong noise, the recognition accura-
cy of the model was still above 78.00%. GKFENet model was relatively stable during the training process, and the recognition
accuracies of eight types of tomato diseases were all over 96.00%. Compared with Bayes, k-nearest neighbor (KNN) , LeNet,

SqueezeNet and MobileNet models, the GKFENet model constructed in this research has higher recognition accuracy, stronger

stability and less memory. It has strong practical value in

Yr#s B #7:2021-09-20
ESTE 1K [ R4 T4 0 H (61601076) s ki irpy  (uture mobile applications.

IR 4T H (2020]126SN058) Key words: light weight network; correction mech-
VEE A WIEH (1978-) , 2 i M A, T+, B2, 8 AR anism; feature extraction; tomato; disease recognition

BELN M EYSHEAEKEMIFF . (E-mail) hulingyan@

dlu.edu.cn Tl A AR R W B SRR IR 2 BRI

BifEE AR, (E-mail) wangzumin@ dlu.edu.cn %ﬁ}\ﬂ‘]fbﬂﬂé\ﬁﬁ R E é’é?ﬁﬂﬁ*ﬂﬁéﬂéﬂﬂ ﬁ‘j%ﬁjﬁ



BFOHE SR  BE T i R P 2% S 0 R TR B i ) 697

BRSEH ' R AR v i o R o 24 A A Y
PR RIS, — BB BT ERECE 2 WA S
B P HORE RIS . I, Pl RS
WU T Al 5 28 | K I AT T30, A B T AR B il
PR A4 ST %

Bl THEALE AR T T BE A P & e, F1
BLEAE RHARXS MG TS A s W U 3
WO — R FET, AR 2 e TR
D BFTE IS 1RO B TR SR Pl as 2= >
Sk i T LR IBCRRAE A oy 288 AT 4 28 T
AR A A 5 TR B R (EL A2 2% R AR 4 BT
PR R M T TAERCR, BN TR B AR AR & &
WA AT R A RS R, TRIE 7 T IR A 240k, O |
R AL T e dpik, Horp R M4 A
SRR A" GETT, RS e i RARJE LR A 5
A AR SCHR B0 15 R, SR T B AR IR S T
Ve, % Z W5 & 117 Bk, Jiang %5 Fl Rangarajan
SO R R v P VR 4 R 20 I 245 L3 7 e o
TSR 1) MRS B BIHE 97% LA |, EH 345
1 Jia 55T B 2 o il 4 I R BORAR S5 4, T
i FEEARE T )2 B SRR Sy AR A
e A R 10 AR SR E . Wu R
DCGN [ 2% 15 B4 338 35 K545, I 73 591 5k - AlexNet |
GooglLeNet \VGG16 . ResNet [ 4% 15 7Y X} 7 i i 5
FHEATPUN BB AR 1R ] 28 i ) TR T2 0 2% A5
T B BIFE OHEE | X SERIRI Y R EOB T 2, 1Y
T £ R R R AT LAAT R A T e fy 3 (L[] P 5 22
FEOR BRI AR S [ Fs S ], ZE R0 B it
PR RR i 2 I 26 A 2 S ORI B 9 £
B IR ELE T B4R A A HIRF AR AE T H Fp X
GINAER JryFB DX PRI, AT DI i ) 2 A5 2
JERE T TF AR 5 AnAnT S 306 g 35 S HEARe i 19 4 L
B A ZEIRIRE LK Meeradevi 4511 4
W TR L 5 2 TR 2 0 28 B R A 45 45 0 T
¥, AT B 0L A S80ah SRR it 7 AN [ J2
FROEAS R iR SR A 283K (]I 400 7] JC I APALE
(TR, doe 2 i AT AL BT A 5 v T TR A 3, X
D3 VRSB F BRI BROORG B I, S BT AR B R Y
G RLATC , SFE TS AL A RIPERE (I 2 AL
AR B4 [ FEUTS AAS B A5 250 ke, TR 3 S A5 TR 3f LA
INASEEIEE ik

B W1 B AE A AT 25\ Y T2 I A% 3

WA H s K, NI G 58 AT LAY, FH 75 7% 3 v
MR IR . RIS RS /NG S FE R
2= AR A L 2R 2 RO SRR B vl o
B RS E X G G W 28 SR R A7 80, 4 /N TR
RIRIN, ST HER 2R R 2 B) AP, H rp kit
[ AlexNet A5 750 35 551 FH [) 2 735 9 3 1740 74 ) 2% 3k 3|
89.2%, Elhassouny %" 3T A 1 42 1 94 0 £ 45
1 MobileNet 148 — i FHFEFF , U] 10 i WL
T E . Agarwal FEUOREH T 1 A4S 8 E YA
BT R 2% (CNN) #iRY  7E Plant Village %44
JEE_F ISR ML T K e 3 2B B8 1 RN R 2 ) 4%
FRL VGG16, b iR 53k 7 T A AR 2 SR /N I T A
T g R [ IR AR A TR IR R 2R (P 22 ) 5%
BT AR 25 /N DL v WA SR 5 TR A AR K 2
Frasial, tehh, RZE AT 45 R R I8 T B AR 1Y &
IR, R TR R TE S Z B T i P RE , &
PEXELALRAIE , A7 38 530 52 76 52 PR PR T X A5 78
AR, (A HERR R AR, PRI, AR S PR A =
M, IR — B

g5 FRTIR eI N B e A S T AR,
NAT T e 2 B RN D R e A et (H
B LI L VERE 2565 P . AR HTIEIE
ML R A TAL B 25 Fire SRR S A
T FIBLHN T A R o 2 D 45 5 GKFENet,
TR DL A5t 5 28 1), A SO S L o 3 AU K
AN R BE DA R ) 25 6 A, RT DA 4 A
SEERISE g SO A

i

1.1 #HiEE

ABFFERE YR FH )58 4Rk A KA A T80 T
Plant Village™ , %05 22 SLUAE T 18 160518 YLk %
RRAT B o ZRG 78 AR AR AR e T 1
Jpa 3 L S5 EaE FHPEAE N 2, M Plant Village i 2
PRIV B G | B B e B 4
PRVERE RO | s Y B 5 f e it 3t 8 bl it v
FAVERAR IR BRI 8 Fpstint Fr i1
SUPREAE EUG LA B BRI AR

FLPEN BRI I B EK EIR 48 (A BT
EEHCRS Y KIFERIE, AR08, %%
Hkgpanl s a2 h, JSEHE, 2450 5% A R
WP KRB, FEO A2, Y PR IR I, 5 KEAL 18



698 AN N R 3

2022 4F 4 38 % 3 M

SRHRE,

FAERRE - T 0l I A B SR i 14 5, Ol TRk (8 B
Zr@, TCRVIMRBE, Toskk, Jo LR, JoHt il JoAiZE
TCAEPEB I Jo it 2RSS AR

IR REM + I A2 T 0 30 1 IS 2 (5 7K AR AN R
IPBE , o fe 52 B AR AN W] 2, 7 RS 28 i o, 0%
HNEREE S N R R SR = RESE U ST N
T I R 2 MAEAR R st ZOT 6
IR, SR IG T ) LR A

W5 - I G e BN B A RO R
CRBE, 75 T S 1 B R AE U SR R
SEAFIEEI, QY A B R R, — e R
TR R e R, IR 5 T ] ARy A
PR BEIE A, it A a2 s A

AEI I e I 2 B B ] ) ik 2
TRERAREIRELL , IRl B TR 73 A AN ST B 2k (8
TRBE, W R AMEAS TR A B/, R 1SS ELIS AT 4
At

PER e Je, A T T T R B R
R B BRE , S B A8/ AR B J] T DX iz
B, R G AR R 22 R A B PRI R
1] 32 R 54 A 7 T o W = L

KA

)

RKIE

1

Fig.1 Process of picture processing by correction mechanism
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Fig.2 Results of correction processing of pictures
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Table 3 Effects of fire module number on performance of
GKFENet
Fire R HA 8 /%Zﬁ;)i ffﬁ(ﬁ}iéﬁ)ﬂ\ 'LQ%U%B(KS%U#%EHH‘
2 95.44 2.24 1.05
4 97.90 2.64 1.07
6 97.91 3.12 1.08
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Table 4 Performance comparison between two models

AL RN Hh S 4 W% BERIFN BRI R G
14 MR 7 28 45 (%) (MB) (s)

GKFENet + - 97.90 2.64 1.101

GKFENet+0.005 83.32

GKFENet+0.010 78.61

PR T +- 98.23 2.48 1.095

B T +0.005 76.47

K% T +0.010 65.55
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Table 5 Performance comparison among different models

gomp  gompg e PR dE TR
G55y 255 Bayes 61.00 - -
KNN 80.00 - -
LWL YE LeNet 91.40 28.64 0.04
BN MobileNet 95.30 13.00 1.12
SqueezeNet 96.90 5.04 1.10
GKFENet 97.90 2.64 1.10
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ZEASAITE 100 Feik A AR TERR R Bk iR 1k
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BRI i G, Pl 8 WK, MobileNet #5174 Fl
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R ARG B & AW B4 8, BB shipeknt
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Fig.8 Accuracy and loss function of different models on Data2 validation set
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Fig.9 Accuracy of each model on Data2 test set containing dif-

ferent levels of Gaussian noise
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Fig.10 Confusion matrix on Data2 test set
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