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Abstract The convolutional neural network (CNN) has been widely used in various chemometric tasks in the past few
years. However, learning long-range correlations from spectra using the CNN remains challenging, because most CNN
architectures utilized in previous studies are quite shallow to avoid overfitting. In this paper, we present an atrous
convolutional network (ACPnet) for learning long-range spectral correlation in quantitative spectrometric analysis.
Paralleled convolution branches with different atrous rates are assembled to determine the best trade-off between short-
range and long-range information. Three data sets, viz. tablets (Raman), soil (NIR), and wines (NMR), are evaluated to
demonstrate the versatility of the proposed network. The overall results indicate that the ACPnet achieves better
regression accuracies for all three data sets than those of partial least squares regression (PLS), least square support vector
machine (LS-SVM), a regular CNN, and an atrous CNN in a cascaded pattern (ACCnet). Furthermore, the features
extracted by the ACPnet are fed into different regressors to evaluate the proposed network as a supervised feature
extractor. The results of the extraction - regression model show that ACPnet gives better feature-extraction performance
than that of a conventional CNN on the three data sets.
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Table 1 Detailed information of three data sets

Data set Scan Sample size Feature size Target Mean Range Standard deviation
Soil NIR 108 1050 Soil organic matter 85.43% 42.91%-95.85% 10.82%
Tablets Raman 120 3400 Active substance 7.38% 5.12%-8.48% 1.13%
Wines NMR 40 1500 Ethanol 12.84 g-L" 11.19-14.54 gL' 0.78g-L™"
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Fig. 1 Spectral curve of one sample for each data set. (a) Tablets (Raman) data set; (b) soil (NIR) data set; (¢c) wines (NMR) data set
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Table 2 Detailed parameters for regular CNN, ACCnet, and ACPnet of tablets (Raman) data set

CNN ACCnet ACPnet
Avg-poolingl 3 Avg-poolingl 3 Avg-poolingl 3
Convl _1 Convl _2 Convl _3 16 X5
16 X5 Convl 16 X5 ) . )
Convl . Rate is 1 Rate is 2 Rate is 5 PRelLU
PRelLU Rate 1s 2 PRelLU . . .
Avg-pooling2 1~ Avg-pooling2_2  Avg-pooling2 3 3
Avg-pooling?2 3 Avg-pooling?2 3 Feature fusion Sum
Conv2_1 Conv2_2 Conv2_3 16 X5
16 X5 Conv2 16 X5 : . :
Conv2 . Rate is 1 Rate is 2 Rate is 5 PRelLU
PRelLU Rate is 2 PRelLU ) ) )
Avg-pooling3 1 Avg-pooling3 2 Avg-pooling3 3 3
Avg-pooling3 3 Avg-pooling3 3 Feature fusion Sum
Conv3_1 Conv3 2 Conv3_3 16 X5
16 X5 Conv3 16 X5 : . .
Conv3 . Rateis 1 Rate is 2 Rate 1s 5 PRelLU
PRelLU Rate is 2 PRelLU . . .
Avg-poolingd 1 Avg-poolingd 2  Avg-pooling4_3 3
Avg-pooling4 3 Avg-pooling4 3 Feature fusion Sum
Fully-connected 32 Fully-connected 32 Fully-connected 32
%3 HHEONIR) Hd 4 (19 % # CNN  ACCnet fl ACPnet #4144
Table 3 Detailed parameters for regular CNN, ACCnet, and ACPnet of soil (NIR) data set
CNN ACCnet ACPnet
495 R ) 595 5 Convl _1 Convl _2 Convl _3 32X5
Convl 7 ,on‘v Rate is 1 Rate is 2 Rate is 5 PRelLU
PRelLU Rate is 2 PRelLU ) . )
Avg-poolingl 1 Avg-poolingl 2 Avg-poolingl 3 2
Avg-poolingl 2 Avg-poolingl 2 Feature fusion Sum
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Conv2 /Ol’l‘V 7 Rate is 1 Rate is 2 Rate is 5 PRelLU
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Avg-pooling2 1~ Avg-pooling2 2 Avg-pooling2_3 2
Avg-pooling?2 2 Avg-pooling?2 2 Feature fusion Sum
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Conv3 ‘ ) /on‘\u : ) Rate is 1 Rate is 2 Rate is 5 PRelLU
PRelLU Rate is 2 PRelLU ) . )
Avg-pooling3 1 Avg-pooling3d 2 Avg-pooling3 3 2
Avg-pooling3 2 Avg-pooling3 2 Feature fusion Sum
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Table 4 Detailed parameters for regular CNN, ACCnet, and ACPnet of wines (NMR) data set
CNN ACCnet ACPnet
Avg-poolingl 2 Avg-poolingl 2 Avg-poolingl 2
. Convl _1 Convl _2 Convl _3 4 X5
4X5 Convl 4X5 . . .
Convl . Rate is 1 Rate 1s 2 Rate 1s 5 PRelLU
PRelLU Rate i1s 2 PRelLU . . .
Avg-pooling2_1  Avg-pooling2_2  Avg-pooling2_3 3
Avg-pooling?2 3 Avg-pooling?2 3 Feature fusion Sum
Conv2_1 Conv2_2 Conv2_3 4X5
4X5 Conv2 4X5 . ) )
Conv2 . Rateis 1 Rate is 2 Rate is 5 PReLLU
PReLU Rate is 2 PReLLU . . .
Avg-pooling3 1 Avg-pooling3 2 Avg-pooling3 3 3
Avg-pooling3 3 Avg-pooling3 3 Feature fusion Sum
. Conv3_1 Conv3_2 Conv3_3 4X5
. 4X5 Conv3 4X5 . . .
Conv3 . Rate1s 1 Rate is 2 Rate is 5 PRelLU
PRel.LU Rate 1s 2 PRelLU . . .
Avg-pooling4 _1 Avg-poolingd 2 Avg-poolingd _3 2
Avg-pooling4 2 Avg-pooling4 2 Feature fusion Sum
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Table 5 Regression results of ACPnet and contrast methods of tablets (Raman) data set

Method RMSEC /% RMSEP /% RMSECV /% R RPD
PLS 0.3040.02 0.53=0.10 0.59+0. 14 0.7540.08 2.1540.38
LS-SVM 0.22+0.06 0.54+0.16 0.57%0.22 0.7140.18 2.1640.56
CNN 0.27+0.06 0.44+0.18 0.47+0.17 0.8040. 14 3.12£1.72
ACCnet (rate is 2) 0.2940.04 0.43+0.16 0.45+0.16 0.8040.18 2.99+1.17
ACPnet (rate is 1/2/5) 0.23+0.03 0.36+0. 20 0.39+0.19 0.85+0. 20 3.76+1.40

#6  THE(NIR)ZUEE ACPnet 50 e 77 2 [l 19 45
Table 6 Regression results of ACPnet and contrast methods of soil (NIR) data set

Method RMSEC /% RMSEP /% RMSECV /% R RPD
PLS 0.754+0.13 1.67+0.46 2.0740.57 0.9640.05 6.18+1.74
LS-SVM 0.244+0.13 1.66+0.71 2.1040.78 0.9540.05 5.99+2.33
CNN 1.06=+0.09 1.784+0.39 2.1640.44 0.954+0.04 5.85+2.26
ACCnet (rate is 2) 1.09=+0. 36 1.67=+0.70 1.50=+0. 65 0.9640.03 6.4542.82
ACPnet (rate is 1/2/5) 0.4240.22 1.27%+0.33 1.34+0.34 0.98+0.02 8.26+3.10
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Table 7 Regression results of ACPnet and contrast methods of wines (NMR) data set

Method RMSEC /(g-L'") RMSEP /(g-L ') RMSECV /(g-L ") R’ RPD
PLS 0.02+0.02 0.26-+0.12 0.43-+0.37 0.71+0.29 3.60+2.39
LS-SVM 0.02+0.03 0.29-+0.09 0.44-+0.30 0.70+0.25 2.52+0.09
CNN 0.18+0.03 0.26-0.11 0.2540.15 0.68+0. 40 3.38+2.11
ACCnet (rate is 2) 0.1940.02 0.2540.11 0.1540.06 0.69+0.49 3.52+1.95
ACPnet (rate is 1/2/5) 0.1140.01 0.2140.09 0.1440.06 0.7440.39 4.27+2.86
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Fig. 5 Regression curves of tablets (Raman) data set obtained by ACPnet and contrast methods
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Fig. 6 Regression curves of soil (NIR) data set obtained by ACPnet and contrast methods
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Fig. 7 Regression curves of wines (NMR) data set obtained by ACPnet and contrast methods
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Fig. 8 Regression results obtained by ACCnet with different atrous rates
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Table 8 Regression results of tablets (Raman) data set obtained by extractor-regressor models

Feature extractor

Regressor CNN ACPnet
RMSECV /% R RPD RMSECV /% R’ RPD
PLS 0.4440.19 0.8040.17 3.074+1.32 0.384+0.21 0.83+0. 20 3.5241.45
LS-SVM 0.4540.21 0.7840.19 3.104+1.52 0.3740.25 0.83+0.23 3.994+1.71
F9  HRBCRUABITE R HECONIR) B0 42 1 [ )9 45 1
Table 9 Regression results of soil (NIR) data set obtained by extractor-regressor models
Feature extractor
Regressor CNN ACPnet
RMSECV /% R’ RPD RMSECV /% R RPD
PLS 1.55+0. 16 0.9640.02 7.17+£2.56 1.4840.75 0.96+0.01 7.5542.50
LS-SVM 1.534+0.62 0.96+0.02 6.82+1.62 1.434+0.56 0.97+0.01 7.344+1.96
F 10 FREC-[ AR A AT (NMR) B 5 i Il 5 25 21
Table 10 Regression results of wines (NMR) data set obtained by extractor-regressor models
Feature extractor
Regressor CNN ACPnet
RMSECV /(g-L ") R’ RPD RMSECV /(g-L ") R’ RPD
PLS 0.2540.13 0.6340.54 3.6741.92 0.22+0.07 0.7940.16  3.82%+2.39
LS-SVM 0.2440.12 0.67%0.45 3.9142.48 0.2240.09 0.824+0.14  3.88+2.43
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