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Hyperspectral Imaging-Based Quality Classification for Kiwifruit by
Incorporating Three-Dimensional Convolution Neural Network and Haar
Wavelet Filter

Jin Ke', Guo Zhigiang", Zeng Yunliu”", Ding Gang’
'College of Information Engineering, Wuhan University of Technology, Wuhan 430070, Hubei, China;
*Key Laboratory of Horticultural Plant Biology, Ministry of Education, National R&D Center for Citrus
Preservation, College of Horticullure and Forestry Sciences, Huazhong Agricultural University, Wuhan 430070,
Hubei, China

Abstract To address challenges in the non-destructive inspection and classification of kiwifruit hardness quality, we
propose a classification model that incorporates hyperspectral imaging technology and a convolution neural network. This
network combines the spatial feature information extracted by the Haar wavelet and the space-spectrum joint information
extracted by the three-dimensional (3D) convolution kernel. In this network, the data decomposition of channel
connections is executed to ensure that all features can be utilized by the model, which improves the ability of network
feature learning. Experiments on the acquired hyperspectral image-based, self-made kiwifruit hardness quality dataset
(named Kiwi_seed) demonstrate that the Haar wavelet transform module can significantly improve the feature extraction
ability of the network. Ablation experiments reveal that the classification accuracy of the model incorporating the Haar
wavelet transform module is increased by 7. 4% and reaches the optimum level at 97. 3% , which is better than the classical
image classification network. The proposed classification model can be effectively used for the non-destructive inspection
and classification of kiwifruit quality.

Key words hyperspectral image; kiwifruit; image classification; convolutional neural network; Haar wavelet transform
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Table 1 Parameters of each module

Layer name Input size Output size Keral _size Padding
3DCov_1 30X30X150x1 28X28X30x8 3X3X5,8s=1X1X5

3DCov_2 28X28X30X8 26X26X28X1 I3X3IX3, 1L,s=1

2D-DWT 26X26X28 13X13X112

2DCov_1 13X13x112 13x13x128 33,128, 5= 1] N
Sov 1 a : : s s1z8e—1] came
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2DCov 2 x 26X26X28 13X13%128 ‘same’
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13X 3,128,s=1]

3 3,256,5s=1]
2DCov 4 x 13X13X256 13X13%x128 ‘same’
3% 3,128,s=1]

(3% 3,256,s=1] ‘same’
2DCov_5_x 13X13%256 9X9X64 3% 3,128,s=1 —
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Table 2 Dataset Statistics

. Mature ~ Semimature  Immature
Category
group group group
Number of fruit 228 164 101
Number of data block 31540 23746 15130
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Fig.5 Accuracy and loss curves of different models. (a) Accuracy curves on training set; (b) accuracy curves on validation set; (c) loss
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Table 3 Classification results of different models on test sets
Model - Mature kiwi Half_Mature kiwi Unripe kiwi
PPV R Fl PPV R Fl PPV R F1
EfficientNet_BO0 0.909 0.932 0.942 0.937 0.879 0.904 0.892 0. 909 0. 847 0.877
Googl.eNet 0.932 0.948 0.953 0.951 0.919 0.921 0. 920 0.916 0. 900 0.907
ResNet18 0.824 0. 857 0. 895 0.876 0.793 0.787 0. 790 0.797 0.731 0.763
ResNet34 0. 879 0.906 0.918 0.912 0.858 0.852 0.855 0. 854 0. 840 0.847
HybridSN 0.750 0. 820 0. 844 0.831 0.702 0. 664 0.682 0.676 0.691 0.684
3DCNN _SpectralNet 0.973 0.977 0. 980 0.979 0. 968 0. 969 0. 969 0.970 0. 961 0. 965
SR I 5 A vE [ I8 N INACR FE (CARS) W b7 X B 2H #5 A (CARS _SpectralNet) F1 it 48 #5 7l ¢

e Bk £ R e 1 i 1 1 BB R A7 DD BRI g A 9 26
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fR I BEUE #0715, OGRS BE A %, th T CARS
e R U BEEL AT BE B FUAS B0 2 1 L 3 2 R AIF 0 B
{14 T 18 B TUAR AR, IR S0 P E AT 2 0 CARS, I
S5 R AEAT BT 2, A S I SR AT 50 K CARS, 48
T Bk e % UCRCHE 24 T 30 1Y U B e A R 2 M 4%
PEATIN R

DA AR B AR RS, a5 6 Bron o 2 BEBAY Ace
PPV R . F1fEAREEH Mk Afon . 6. 4 al 1,
LA SR A 28 0 45 A S 39 i A 42 BBO 73 6 9 77 5K
RO LG SR I BEE £ I i AR 28 I 45 0 2 2 14 O AL
A R P i 21 i 1) R Ak £ BO)T 2R A CARS 2 B
Ja - 2 7 OB AER RAETE T 5. 600 R B TR
I 3DCNN BE 1756 3 £ & A 23 1] 5 B 32 g ) 4F

2010003-7



£ 6055 20H9/2023 F£ 10 B/ 5B FFEHE

Number of samples

(a) )

E 112 4 g

= 1 25600 =

= S

7] 2000 o e
g g 142 104 3 g 160
E fs F 1500 § g F

=4

e} 1000 E

é | 59 123 1808 | o0 % | ™ 139

(=} -

135

Number of samples Number of samples
© 4
68 2500 g
=
2
000 E g
12 =
8 ||| 1500 = ‘E
1000 = E
S -1} o
1272 500 g 26 32 1432 500
= i

Mature Half-mature Unripe
Prediction

1 1 1
Mature Half-mature Unripe
Prediction

Mature Half-mature Umﬁ:e
Prediction

Fl 6 XfHRZH AR IR 1B HE % . (a) CARS _SpectralNet £ 5 (F) {1 V8 FE 4 5 (b) Without 2D-DW T 455 1 i 8 1 56 15
(¢) 3DCNN _SpectralNet # % 4 1 7% 4 14
Fig. 6 Confusion matrix of control group. (a) Confusion matrix of CARS_SpectralNet; (b) confusion matrix of Without_2D-DWT;
(¢) confusion matrix of SDCNN _SpectralNet
F4 KRR LIRS,
Table 4 Experimental results of control group

Mature kiwi Half_Mature kiwi Unripe kiwi
Model Acc
PPV R F1 PPV R F1 PPV R F1
CARS _SpectralNet 0.917 0.937 0.951 0.944 0.902 0.898 0.900 0.900 0.878 0.889
Without_2D-DWT 0.899 0.936 0.925 0.930 0.880 0.885 0.883 0.854 0. 866 0. 860
3DCNN _SpectralNet 0.973 0.977 0. 980 0.979 0. 968 0. 969 0. 969 0.970 0.961 0. 965
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Fig. 7

t-SNE diagram of different models on the test set. (a) t-SNE diagram of features extracted from Without_2D-DW T model;

(b) t-SNE diagram of features extracted from 3DCNN _SpectralNet model
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