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Abstract: In the diagnosis of tomato diseases and pests, traditional convolutional neural network structures are com-
plex and hard to be directly applied to portable terminals. Besides, existing lightweight convolutional neural networks exhibit
weak feature extraction capabilities, low recognition accuracy, and are inadequate for practical applications. Aiming at the
above problems, we intended to define a super lightweight convolutional neural network based on existing lightweight convo-

lutional neural network, and to design an ultra-lightweight convolutional neural network by improving the SqueezeNet net-

work for tomato disease and pest diagnosis tasks. Firstly,
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we enhanced the Fire module in the SqueezeNet network,
generated two Fire modules suitable for different feature di-

mensions. We introduced efficient channel attention

(2023KJCX062) (ECA) module to improve feature extraction capabilities of
TEE R RYLI(1997-) B dbZE s g AL M- WFoe A BRS the model. Secondly, we incorporated scaled exponential
MR B2 3 N T4 B, ( E-mail) liangkaibo2955 @ linear unit (SELU) and Mish to replace rectified linear u-
gmail.com nit (ReLU) as activation function. Next, we employed

BIEE ) 57, (E-mail) slsally@ 163.com Softpool instead of the original max pooling. Finally, we
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enhanced the exponential normalized loss ( Softmax loss) by using Center loss function to improve the recognition accuracy

of approximate diseases and pests. In this experiment, we selected eight types of pests and nine types of diseases to perform

data augmentation on three datasets (pests, diseases, diseases and pests) , and investigated the impact of small sample and

data imbalance on model performance. Experimental results demonstrated that the network proposed in this study had super

lightweight characteristics. The recognition accuracies for pests, diseases, and diseases and pests could reach up to

98.83%, 98.14% and 97.71% , respectively, which met the requirements for diagnosis effectively.

Key words: image recognition; tomato pests and diseases; super lightweight convolutional neural network; imbalance
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Fig.6 Flow chart for multi-stage tomato leaf pest and disease experiments
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Table 3 Performance comparison of models
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DenseNet121 86.79 7 055 954 2747 1.33
MnasNet 71.25 3237 064 1711 1.99
ShuffleNetv2 79.77 2268 232 1826 1.74
Transformer #7 Vit 94.10 85 812 498 16 342 0.64
R Al A B 5 [ 2 A A SSCNet 86.22 404 402 1244 1.47
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FUHRH AR AR AL I 25 S, AN b AT E— 22 B3
W) o N T IR MUK — G I, AT 5 B
Pa-PH LA G A, THE A R AR AS 8 B R - A 1
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231 AR REHBEEMNBEAREGHn K4
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Table 4 Comparison of results from different datasets ( pests)

. - Bam s fEFR JIgrtE] fERRM 3
ST ia’zg)%%)m (’%ﬁiﬁj i :fsﬂ)m /E%@E’)Jﬁ%
P A 4 000 94.71 595 1.81

4 800 95.97 660 0.92

5 600 96.25 782 0.72

6 400 96.17 813 0.54
IR kS 4 000 86.00 602 2.04

4 800 91.85 683 1.85

5 600 93.42 781 1.57

6 400 95.92 824 1.23
R ARG 5 618 50.25 216 1.99

232 FRBEHBEEASBEAMEG YA FE
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Table 5 Comparison of results from different datasets ( diseases)

\, - e HERf % Y2t HERf R Ty 2%
S RRD (%) (s) (%)
SR A 95.62 1 053 0.64
N EisiiE S 95.25 1075 0.73

®6 ARFEAFHIRESERLLR

Table 6 Comparison of results from different datasets ( diseases

and pests)
L £ e 11 HER R YIGRmbE]  HERRI T 2
BiERcd (%) (s) (%)
REC e 96.27 1223 0.27
AT Hr G 4R 86.22 1 244 1.47

2.4 E T SSCNet HIIRI& 25 R 3 EE

AHFFEAERER AR P R AR b AL A E R Ok
PRAEIAL AT T itk S Bk e gl Y B X T
el A A, e FH B A 1 A7 1Y) 2 i s TR A A Rt
SSCNet BRIHEA TG, 25 5 (] 9) B, SSCNet 5
RN ad PR I 2R SR E A R 4R FH AR s IR SR v
WRTE AR AT T BRI 3h , g 2% A UEU
AW, AR g AL TR E

— 2B
— IR
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Fig.9 Results of SSCNet experiment
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Table 7 Comparison of test results based on different activation
functions
SO B ﬁgﬁf)ﬁ ﬁll’ézisﬂ)q“lﬂ (ﬁﬁﬁﬁij’;ﬁ%
ReLU 91.76 1 166 0.53
ELU 78.78 1217 1.12
SELU 75.32 1271 0.77
GeLU 90.16 1 268 0.69
Swish 91.55 1320 0.74
Mish 93.04 1197 0.19
Smish 96.27 1223 0.27

242 A TARRRACERMEGKELERFIL XL
Softpool \Maxpool F1 Averagepool ¥f SSCNet #5715 5]
PERERYRENE , 2 8 /i, flIHH Sofipool Y SSCNet F7Y
PUNMERGFRIK 96.27% ,AHH T A 2 Fif i Ll
PR B REG 2 A i I A2 I 2R

243 ATARREEAFRG KL RS X
FEA ] 2 S B fE SSCNet BRI R ) R, £ 9 &
718, A T3 7 0 A TRl A5 D M B B e A ), 5

F10 HAREER

Table 10 Results of ablation experiment

ECA 5 SSCNet BRI ME#A 3k 96. 27% , 45
SR ol FH HA 2 b 2 i
*8 AEMULELERIILE

Table 8 Comparison of results from different pooling layers

A2 (ﬁ(‘iﬁ)ﬁ ﬂllé’zﬁsﬁ)q‘l‘ﬂ ?ﬁﬁﬁij‘;ﬁ%
Maxpool 95.88 1228 0.48
Averagepool 96.01 1220 0.31
Softpool 96.27 1223 0.27

K9 TRFEHNERE R

Table 9 Comparison of results from different attention modules

N W PIZRI] BRI T %
TR Bk (%) ) (%)
SE 94.86 1 289 0.65
CBAM 95.73 1241 0.29
ECA 96.27 1223 0.27

2.4.4 NI N TIIEXT SSCNet #5514 A

SR A SR AR TR AR . 3R 10 W
I R Fo s — B T 5 MR AR O ey AT A A
PERE L2 AR FRE T %, £R8 K, SSCNet FTY
E3 Vs )/

FERIER]  BGHAY Firel BGHAY Fire2 ECA Softpool Smish  CenterSoftmax U”éiﬁj i {%gf)z YEEmﬂ?ﬁﬁ
1 vV vV vV % vV 1367 94.76 0.84
2 vV vV vV vV vV 1 409 90.51 0.83
3 vV vV vV Vv % 1207 82.43 2.41
4 vV vV vV % vV 1217 96.01 1.13
5 vV vV vV vV vV 1166 91.76 1.27
6 vV vV vV vV Vv 1189 94.27 0.83
7 vV vV % 4 1213 83.79 3.35
8 vV vV vV vV 1132 90.94 2.06
9 vV vV vV vV 1141 91.17 3.41
10 vV vV % 1119 94.37 2.02
11 vV vV vV 1087 93.55 1.77

SSCNet vV vV vV vV vV vV 1223 96.27 0.27

245 RREARSEIT BT RN L5

A SRR AR B RE AR R 2 —, AT
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RITES BN RE A SZ WA, A TR L T AN
Ptk o7 2 R (k4% 9 Adam, SGD I RM-
SProp;2# ) % & °40.010 0,0.001 0 520.000 1) F
MIEER . 2R 11 8K, Ui 52 ) RINAEE N
Adam+0. 001 ,RMSProp+0. 001 , Adam+0. 001 F} , SS-
CNet B R B 76 HL i T Lo iR E 2 T
75 B B, HE B R 20 S O 98.83% , 98. 14% Al
97. 71% , RERL s Mo 5E BT ity HL A2 WAL 55

R11 ETARBSEH SSCNet HEI iR X

Table 11 Accuracy of SSCNet model under different hyper-param-

eters
HERE (%)
B ffka 2 5] 2 5] 2 5]
0.010 0 0.001 0 0.000 1
Higk Adam 6.04 98.83 96.17
SGD 91.44 53.78 37.39
RMSProp 93.70 98.65 95.86
ki Adam 11.70 96.13 95.62
SGD 86.44 81.03 59.63
RMSProp 95.49 98.14 95.77
I L Adam 1.67 97.71 96.27
SGD 93.97 61.92 38.83
RMSProp 93.11 96.39 94.22
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