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Tomato maturity detection based on convolutional

neural network and transfer learning

WU Junfeng' ,YANG Liu',CUI Bo' ,WANG Zhicheng',XU Zilong"', SONG Shaoyun'?*,ZHANG Yonglin'*
(School of Mechanical Engineering, Wuhan Polytechnic University, Wuhan,430023, China)
Abstract: In order to solve the problems of complicated calculation and low accuracy of existing tomato ripe-
ner detection models, this paper takes Provence tomatoes as samples and conducts analysis using HSV
channel data. The sample images are divided into green ripening,discoloration,and red ripening stages,and
a dataset of tomatoes with different maturity levels is established. Based on transfer learning, the hyper pa-
rameters of three convolutional neural network models, MobilenetV2,InceptionV3,and VGG19, were opti-
mized,and a detection model based on tomato maturity was established. The detection effects of SGD, Ad-
am and Adagrad optimization algorithms and different training rounds were further analyzed, and it was
found that MobilenetV2 had the best performance,with an accuracy of 99. 05% and a loss value of 0. 038 4
when the optimizer was Adam and 100 training rounds,meeting the high efficiency maturity detection. The
detection method can obtain higher detection accuracy under low loss value,and provide reference for the
detection of tomato maturity.
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Table 1 Tomato maturity dataset
e R YIGdE  RFE At
LR 145 35 180
A5 145 35 180
A8l 145 35 180
2.2 EEREBIHIE
2.2.1 %%

SEg B — ST B R Intel
15-8300H 4#bFEZE .16 GB RAM Fll NVDIA GeForce
GTX 1060, #ffht & ¥ H PyCharm2022 . Ana-
conda3, tensor-flow2. 3 #l1 Python3. 7,

2.2.2 MA®FZE

Mobilenet f2& /& Google FIBATE 2017 4E 42 H
1)L ER s i A B A R 9% CNN K
200 L A A A L B K 5 A R IR
AR KRR/ TisFi MBS0 R, &%
%> i Mobilenet V2 ({45 45 S HUILE 2,

&2 ERHFSIB MobilenetV2 S

Table 2 Migration learning MobilenetV2

structural parameters

Y LTI DNAN E eI
H—1k 224X 224X 3 0
Mbilenetv2 %1 7X7X1 280 2 257 984

ISR SONIEld 1 280 0
EoeuEi YN 3 3 843

InceptionV3 A 7E 2014 4FE 1 Google 2] A 32
U S I A T Inception 4544, 7N T
P B r 2EARBAT Sh . BB 2 2T IR ) 2 254
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Table 3 Migration learning InceptionV3

structural parameters

FAY LTH AN ZHE
H—1k 224X 224X 3 0
InceptionV3 #i#l 5X5X2 048 21 802 784

EERB NN A 2 048 0
IR 3 6 147

VGG BT 2014 4 iy 4= HER 2 35 4 pE 9 A
Visual Geometry Group #2157, A AU 14 47 5 2
U R 2GR 1 3 X3, R ECH
X1, 1B B 8 S5 R ANk 4.

x4 TBFEIN VGG19 BRI EHSE

Table 4 Migration learning VGG19

structural parameters

HAY LT AN SR
H—1k 224 X224 X3 0
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Fig. 1 Flow chart of transfer learning
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Fig. 2 Loss and accuracy of MobilenetV2 train process with different optimizers
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Fig. 3 Loss and accuracy of InceptionV3 train process with different optimizers
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Fig 4 Loss and accuracy of VGG19 train process with different optimizers
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Table 5 Test results for each model

with different parameters

LY hfbdsy gkt BURE SR
SGD 50 0.058 4 99.05
100 0.042 8 99.05
MobilenetV2 Adam 50 0.0391 99.05
100 0.038 4 99.05
Adagrad 50 0.2382 99.05
100 0.171 4 100
SGD 50 0.116 0 98.10
100 0.076 9  99.05
InceptionV3 Adam 50 0.0539 99.05
100 0.048 9  99.05
Adagrad 50 0.3954 82.86
100 0.258 8 93.33
SGD 50 0.8679 74.29
100 0.4359 86.67
VGG19 Adam 50 0.508 0 89.52
100 0.327 7 92.38
Adagrad 50 1.030 7 70.48
100 1.0031 78.10
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Loss and accuracy of three models with different optimizers for 100 epochs
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