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Tomato quality grading method based on improved convolutional neural
network

RUAN Zi-hang', HUANG Yong'?, WANG Meng®, SHI Qiang®, ZHANG Jin-ling’
(1.College of Mechanical and Electrical Engineering, Xinjiang Agricultural University, Urumgi 830052, China; 2.College of Mechanical and Electrical
Engineering , Xinjiang Institute of Engineering, Urumqi 830023, China)

Abstract: In order to solve the problems of low accuracy and low work efficiency of tomato manual grading, a net-
work structure for tomato quality grading was proposed and optimized based on convolutional neural network. The designed
convolutional neural network consisted of seven weight layers (six convolutional layers and one fully connected layer) and
four pooling layers (three max pooling layers and one global average pooling layer). Batch normalization and compressed

excitation module ( SE module) were used for network

7S B HA . 2022-06-02 structure optimization. Using the self-collected tomato

HESTWH. AL /RABKADEEAA LR T RS E image data set, the original 1 455 images were augmented
(RCTJ46) ; Fivsae T /K 6 X BB 3 48 %) 2235 to 8 730 images by data augmentation, and then trained

H (XJEDU2019Y064 ) and tested. The classification differences of the models
YEE R BUFAT(1996-) , 53, R N, i LW 58 46, W98 5 1) were evaluated by accuracy, recall rate and F, value (the
HEGAL B SHLERE . (E-mail) 1243450926@ qq.com harmonic mean of accuracy and recall rate) . The test accu-

BIRMEE:H 9, (E-mail)lishi182@ 163.com racy of the optimized network model was 96.57% , which
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was 2. 58 percentage points higher than that of the unoptimized network model. And compared with the traditional classic

network AlexNet, MobileNet-V2, NasNet-Mobile, ShuffleNet, it had the advantage of faster convergence speed. The train-

ing time was reduced by 229%-96%, and the test accuracy was improved by 0.18-1. 89 percentage points, the test time of

a single photo was reduced by 37%-83%, and the compute unified device architecture (CUDA) memory usage was re-

duced to a certain extent. The optimized network training process was more stable, and the model focused more on the toma-

to as a whole, which reduced background interference to a certain extent and improved the robustness and generalization a-

bility of the algorithm. The influence of the three optimization algorithms (SGDM, Adam and RMSprop) on the model was

explored. Compared with the Adam and RMSprop optimization algorithms, the model test accuracy of the SGDM optimiza-

tion algorithm was improved by 2. 01 percentage points and 2. 29 percentage points respectively. After removing the back-

ground of the dataset, the effects of a single background on the performance of the model were tested. It was found that the

test accuracy of the model reached 96. 97% , which was 0. 40 percentage points higher than that of the dataset without back-

ground removal. The convolutional network structure proposed in this study has better effect on simple tomato quality grad-

ing, which provides a certain theoretical support for tomato quality grading.
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Table 1 Data from original and augmented samples of tomato

T I A
IEH 1 293 1758
ESQ ] 2 275 1 650
A 3 283 1 698
e 4 150 900

ENLES 5 259 1554
L ¢ 6 195 1 170
Mt 1 455 8 730

1.2 RIS

RSN ZRPT R PR AN « B I4AE &R
4i k64 fif Win10 FKEERR , BT 52K ] Matlab 2022a
FAR BE ) 2515 T ( Deep learning toolbox ) , <4
NVIDIA GeForce RTX 3050 Laptop(4 G 2.47) , T4
— YA (CUDA ) WiiA 24 11.6.0, CUDNN Jit Ay
113, RH=A 16 G NfF, =& 512 G B, &
R8N R4 3 T Matlab2022a -4, K EIE hn s 2%
TR TINEE ISR ( Batch size) 24 16 ¥R, YIZR5S
R 30 e, SRR ECH9 810K,

2 AR M 2 AR Y Ry

2.1 MBRBLEN
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A PR S 03 T 2 2 0 A4 b S8 45 5
T RE AT Z AR ERRE . BB R
B K BN EBREEE X Padding ZE0L3R 2,
x2 WNEHREIMERESH

Table 2 Parameters of each convolutional layer in the network

BRES  BRERA Bk ﬁ?%fﬁ Padding
Convl 5%5 4 96 0
Conv2 5%5 1 96 2
Conv3 3x3 1 128 1
Conv4 3%3 1 128 1
Conv5 3%3 1 256 1
Conv6 1x1 1 512 1

Padding =& BN 1 MEIESHL,

A 0 465 T B S BRI B SR T ReLU B BRER,
K 4 AL Z (R 3 A4Syl ez 1 4 4
JRE B ) L AN A iR 2 AR R A s
PR AIIEAT 6 Fh oy Y R MUK B e 4n i 4
JET FHA 6 1
212 A@®iEE HATHE WA B 2 28 A 1R
Zff, = LeNet . AlexNet Fll VGGNet X 3 Fh s fH
28 AR R S5 R I 43 3, RER H A
W28 SR TR T o 465 1 ORI TR B MR e 42
SEILTRE 5 B 22 ) 28 25 M 1) 2 AlexNet 2%
BIERITIF VIR T RT3 M 45 1 A 2 A
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Table 3 Parameter table of each layer of AlexNet network
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FC3(farii)2) ERUEI 1 000 4 097 000(4 096x1 000+1 000)
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Fig.2 Neural network structure designed in this study
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Fig.3 The structure of the squeeze excitation attention model
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> Table 4 Comparison of evaluation indicators of six kinds of toma-
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Fig.4 The confusion matrix of the model constructed in this study
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Fig.5 Five model training curves
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Table 5 Comparison of training parameters of five models
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AlexNet 56 800 000 1634 95.02 0.001 538 4 70~80
MobileNet-V2 2200 000 5748 94.68 0.003 394 9 50~60
NasNet-Mobile 4200 000 30 465 96.39 0.005 766 3 25~75
ShuffleNet 864 900 3640 95.66 0.001 683 4 50~60
CNN-7-SE-5 942 700 1 268 96.57 0.000 976 7 30~40
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Fig.6 Performance comparison curves before and after model optimization
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Fig.7 Comparison of the activation regions of the ConvS layer of the three models
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Fig.8 Training curves corresponding to the three optimization algorithms
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