
Open Journal of Statistics, 2024, 14, 243-258 
https://www.scirp.org/journal/ojs 

ISSN Online: 2161-7198 
ISSN Print: 2161-718X 

 

DOI: 10.4236/ojs.2024.143012  May 30, 2024 243 Open Journal of Statistics 
 

 
 
 

Rapid Prediction of Wastewater Index Using 
CNN Architecture and PLS Series Statistical 
Methods 

Qiushuang Mo1, Lili Xu2, Fangxiu Meng1, Shaoyong Hong3, Xuemei Lin4* 

1School of Mathematics and Statistics, Guilin University of Technology, Guilin, China 
2College of Marine Sciences, Beibu Gulf University, Qinzhou, China 
3School of Data Science, Guangzhou Huashang College, Guangzhou, China 
4Community Management Office, Guilin University of Technology, Guilin, China 

 
 
 

Abstract 
Chemical oxygen demand (COD) is an important index to measure the de-
gree of water pollution. In this paper, near-infrared technology is used to ob-
tain 148 wastewater spectra to predict the COD value in wastewater. First, the 
partial least squares regression (PLS) model was used as the basic model. 
Monte Carlo cross-validation (MCCV) was used to select 25 samples out of 
148 samples that did not conform to conventional statistics. Then, the inter-
val partial least squares (iPLS) regression modeling was carried out on 123 
samples, and the spectral bands were divided into 40 subintervals. The op-
timal subintervals are 20 and 26, and the optimal correlation coefficient of the 
test set (RT) is 0.58. Further, the waveband is divided into five intervals: 17, 
19, 20, 22 and 26. When the number of joint intervals under each interval is 
three, the optimal RT is 0.71. When the number of joint subintervals is four, 
the optimal RT is 0.79. Finally, convolutional neural network (CNN) was used 
for quantitative prediction, and RT was 0.9. The results show that CNN can 
automatically screen the features inside the data, and the quantitative predic-
tion effect is better than that of iPLS and synergy interval partial least squares 
model (SiPLS) with joint subinterval three and four, indicating that CNN can 
be used for quantitative analysis of water pollution degree. 
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1. Introduction 

Near-infrared spectral band is to be measured in the object of hydro-
gen-containing groups such as O-H, C-H, and N-H, etc. on the near-infrared 
combined frequency and octave absorption [1] [2]. Through the near-infrared 
spectral band, you can indirectly determine and analyze the content of the com-
ponents in the substance, this method was first discovered by the British scholar 
Herschel W. Near-infrared spectroscopy of the substance measured can be a 
solid, liquid, or gas in any kind of form, this method does not contaminate the 
sample, and the measurement speed is relatively fast and the measurement ac-
curacy is high [3] [4] and [5]. 

However, in the experimental process, due to the influence of the experimen-
tal conditions or the surface distribution of the collected samples is not uniform 
resulting in errors in the collected NIR spectra. Therefore, on this basis, the 
screening of samples that do not conform to the conventional statistical distri-
bution is considered, which have a certain impact on the whole, and the NIR 
spectra will be more consistent with the trend after the removal of these samples. 
Monte Carlo cross-validation is a method of removing abnormal samples [6] [7], 
and has been used in many applications in NIR spectral analysis. It builds mul-
tiple models and counts the frequency of each sample participating in the mod-
eling of the training set in each model. In general, the frequency of each sample 
participating in the modeling does not differ greatly, and if some samples do not 
conform to this pattern, they are identified as abnormal samples. 

After removing the abnormal samples, due to the weak absorption signals of 
the samples in the near-infrared region and the overlapping problem of the 
spectral bands, the collected spectra of the samples contain not only the infor-
mation related to the material components, but also irrelevant noise [8] [9]. If it 
is difficult to achieve the desired effect by applying the full spectral bands of the 
samples for near-infrared spectral analysis, therefore feature screening can re-
duce the complexity of the model, select the feature variables related to the target 
components among the many near-infrared spectral bands, reduce the influence 
of irrelevant variables on the model, and thus improve the prediction accuracy 
[10] [11] and [12]. The main methods for feature band screening are Moving 
Window PLS (MWPLS) [13], Interval PLS (iPLS) [14], and Synergy Interval PLS 
(SiPLS) [15], which are developed by partial least squares (PLS).  

The relationship between spectral variables and dependent variables is often 
nonlinear, and linear methods alone may not be sufficient to fully explain the 
relationship between the independent and dependent variables, so a series of 
nonlinear statistical models representing the relationship between the indepen-
dent and dependent variables are also used in near-infrared spectral analysis, 
such as Support Vector Machine (SVM) model, Artificial Neural Network 
(ANN) model and Convolutional Neural Network (CNN) model. Compared 
with other nonlinear modeling methods, CNN has been increasingly applied to 
high-latitude and high-complexity problems in recent years due to their local 
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sensing and weight-sharing effects, which can reduce the number of parameters 
and computational complexity during data processing, and are more effective in 
prediction than traditional nonlinear models and neural networks [16] [17]. 

Water is a basic natural resource for agricultural production. Water flow pro-
vides various elements around the ecosystem for cyclic irrigation and water se-
curity is an important issue that affects the quality of agricultural resources for 
crop cultivation. Water pollution is a growing problem that is likely to under-
mine the sustainability of the agro-environment [18]. Chemical oxygen demand 
(COD) of wastewater is a measure of the degree of pollution in wastewater, 
which is the amount of oxidant consumed when oxidizing with a strong oxidant. 
The larger the COD value, the stronger oxidant is needed, which represents the 
more serious pollution. Wang et al. explained the relationship between the 
near-infrared (NIR) spectra and the COD values using PLS model [19]. Zhang et 
al. predicted COD values in ethanol wastewater by backpropagation-artificial 
neural network model (BP-ANN) and SVM [20]. 

The experimental data in this paper are the spectral data of wastewater, and 
the content of COD value in wastewater is used as a predictor to quantitatively 
predict the degree of wastewater pollution. Monte Carlo cross-validation was 
used to screen out the abnormal samples, based on which the PLS model was 
used as the basic model for prediction, and the interval partial least squares and 
joint interval partial least squares (with the number of joint subintervals of three 
and four) were used to reduce the modeling variables and improve the predic-
tion effect, and at the same time, the CNN was used to compare the prediction 
effect of the above two nonlinear models on the COD value. 

2. Material and Methods 
2.1. Material 

In the experiment, 148 industrial wastewater samples were collected and the 
near-infrared spectra of the target water samples were detected with the FOSS 
grating spectrometer (NIRSystems 5000 produced in Denmark) with InGaAs 
accessory standard. The surrounding environment is controlled at constant 
temperature (25˚C ± 1˚C) and constant humidity (46% ± 1% relative humidity). 
The samples were detected one by one, and spectra were obtained in the scan-
ning wavelength range of 780 - 2500 nm with a resolution of 2 nm, so the sample 
spectrum consisted of 860 wavelength variables. The near-infrared absorption 
spectra of 148 contaminated water samples are shown in Figure 1. 

2.2. The Architecture of CNN 

CNN architecture mainly consists of Convolution layer, Pooling layer, Flatten 
layer and fully connected layer. Each convolutional layer consists of several 
convolutional filters to extract feature information from the input data. The 
weights of the convolution filters are formed by random initialization, and when 
the convolution operation is performed on the original data, the weights of the  
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Figure 1. Near-infrared spectra of 148 samples. 
 

convolution filters are multiplied with the original data, and finally summed to 
get the result. One convolution is performed for each move until all the data is 
convolved. The output feature map obtained by convolving the feature data by 
the convolution filter, the feature map is nonlinearly changed after convolution, 
which makes the convolutional neural network has nonlinear mapping capabili-
ty. Equation (1), (2) and (3) are ReLU, Sigmoid and tanh activation function.  

Since the dimensionality of the data after convolution is too large, the pooling 
layer reduces the dimensionality of the data while maintaining the useful infor-
mation of the data. This operation reduces computation time and prevents over-
fitting [21]. Pooling methods are maximum pooling method and average pool-
ing method. The average pooling method takes the average value within the 
pooling range as the pooling result, while the maximum pooling method selects 
the maximum value within the pooling range as the pooling result. Then, the 
output data from the pooling layer is turned into one-dimensional data through 
the Flatten layer, and then passed to the fully connected layer to generate output. 
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During convolutional network training, the batch size (Batch_size) is the 
number of training samples used during each iteration. When all the small sam-
ple datasets are forward and back propagated through the convolutional neural 
network once is a training rounds (epoch). Epoch improves the computational 
power by parallel processing, and when training the model, if all the samples are 
used as the training samples for each training, the computation time of each 
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epoch is too long. Another critical factor is learning rate, it determines the pa-
rameter update step of the model during the training process, too large learning 
rate may cause the model to oscillate around the optimal solution and fail to 
converge, while too small may lead to too slow a training process. 

2.3. PLS Series Method 

PLS is a method that combines principal component analysis and multiple linear 
regression, which is widely used in the field of chemometrics. It is able to re-
move the covariance between multivariate variables and extract the information 
between independent variables and dependent variables to a great extent, which 
is very effective in the case of small samples and multivariate variables. The 
principle is as follows:  

Suppose there are n samples x1, x2, …, xn with their corresponding dependent 
variables y1, y2, …, yn, then find the link between the independent and dependent 
variables of the samples. First, extract the corresponding component p1 of the 
independent variable, p1 carries the information in the independent variable, and 
then extract the component q1 of the dependent variable, q1 carries the informa-
tion in the dependent variable, p1 and q1 should have the largest degree of corre-
lation and maximize the extraction of their respective information, and then 
perform the regression of X on p1 and the regression of Y on q1 until the desired 
precision of the regression is achieved.   

The iPLS regression method divides the full near-infrared spectral bands into 
n intervals, and carries out the partial least square regression analysis in the in-
terval band range, and then output the correlation coefficient between the pre-
dicted value and the true value of each band range, the maximum correlation 
coefficient interval is selected as optimal interval . On the basis of dividing the 
infrared spectral band into n intervals, the SiPLS regression is to further com-
bine m intervals, so that there are m

nC  intervals in total. The partial least 
squares regression analysis is carried out on these m

nC  intervals respectively, 
and the R within each interval range is output, the joint intervals corresponding 
to largest R the selected as optimal interval, This two methods can reduce the ir-
relevant information variables and noise during modeling and improve the ac-
curacy and speed of modeling. 

2.4. Monte Carlo Cross-Validation 

Monte Carlo cross-validation is a statistical simulation method that can detect 
outliers effectively. This method uses the data difference between outliers and 
normal samples to screen outliers that do not comply with conventional statis-
tics by building a large number of calibration models. In general, the cumulative 
frequency ratio of each sample collected is not very different, and if individual 
samples do not conform to the conventional statistical distribution, it means that 
these samples have a strong influence on the model, and therefore are not repre-
sentative of the conventional samples. MCCV also considers the internal rela-
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tionship between near-infrared data and reference chemical values to achieve a 
more comprehensive identification of outlier samples. The specific operations 
are as follows: 

1) The sample is randomly divided into the training and test set at a ratio of 
3:1, the training set samples are selected to build the model, and the test set are 
used to test the prediction ability of the model. This is repeated 1000 times to 
build a large number of calibration models. 

2) Arrange the test set of the model in ascending order of root-mean-square 
error. 

3) Calculate the cumulative frequency of samples in each model participating 
in the training set in this order. 

4) Outlier samples are excluded from samples that do not conform to the cu-
mulative frequency distribution. 

The cumulative frequency calculation formula is shown in Equation (4), 
( )sample ,i k  indicating whether the ith sample is a training set sample in the k 

model. If it is a training set sample, it is 1; otherwise, it is 0. ( )cummulation_rate ,i j  
represents the first j cumulative frequency of sample i. 

( ) ( )
1

cummulation_rate , sample , 100%
j

k
i j i k j

=

= ×∑           (4) 

2.5. SPXY Algorithm 

SPXY algorithm is developed from KS algorithm. The classical KS algorithm is 
to select a representative subset of the specified sample size, and ensure that this 
subset is widely distributed in the data space. KS follows a step-by-step process 
of selecting new sample selections in areas of sample space that are already far 
away. To this end, the algorithm uses the Euclidean distance between x vectors 
of each pair of samples (p, q) to calculate as: 

( ) ( ) ( )2

1
,

J

x p q
j

d p q x j x j
=

= −∑                    (5) 

where ( )px j  and ( )qx j  are the response of sample p and sample q at wave-
length j, and J is the number of wavelengths. First, the sample with the largest 
distance (p1, p2) is selected as the sample of the calibration set, the algorithm se-
lects the sample with the largest minimum distance relative to the selected sam-
ple, and the process is repeated until the number of samples specified for analy-
sis is reached.  

KS algorithm uses ( ),xd p q  distance, while SPXY algorithm uses ( ),xyd p q
distance. SPXY is based on KS and the considered dependent variable (y), com-
bining the Euclidean distance of the dependent variable with the Euclidean dis-
tance of the independent variable. The distance of the dependent variable py  
and qy  is calculated as follows:  

( ) ( )2
,y p q p qd p q y y y y= − = −                 (6) 
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Combining the x space and the y space, dividing the distance ( ),xd p q  and
( ),yd p q  by the shortest distance of the sample in the data set, the standardized
( ),xyd p q  distance is:  

( ) ( )
( )( )

( )
( )( )
,,

,
max , max ,

yx
xy

x y

d p qd p q
d p q

d p q d p q
= +             (7) 

2.6. Model Indicator 

The samples were divided into training and test set for follow-up analysis, and 
the selected samples were further screened for feature bands with greater corre-
lation coefficient R through iPLS and SiPLS. Here, the statistical indicator R is 
shown in Equation (8), where iy  represents the reference chemical value of the 
i sample, iy′  represents the predicted value of the i sample, my  represents the 
average value of the reference chemical value of all samples, my′  represents the 
average value of the predicted value of all samples, and the larger the R, the little 
difference between iy  and iy′ , the greater the degree of linear correlation and 
the better the prediction.  
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i m i m
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∑
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3. Results and Discussion 
3.1. iPLS and SiPLS Analysis 

MCCV modeling was repeated 1000 times, and 1000 training models and cor-
responding Root mean squares error of test set (RMSET) were obtained, as 
shown in Equation (9). The models were sorted in ascending order of RMSET, 
that is, from good prediction performance to poor prediction performance. Fi-
nally, the cumulative frequency of each sample divided into training set was cal-
culated with the sorted model, as shown in Figure 2. 

( )
1RMSET

1

n

i i
i

y y

n
=

′−
=

−

∑
                    (9) 

where iy  represent the reference chemical value of the ith sample in test set, 

iy′  represent the predicted valued of the ith sample in test set, n is the total 
sample number in test set. 

As can be seen from the cumulative frequency, the probability of each sample 
gradually approached the normal probability distribution with the increase of 
the cumulative frequency, the specific value is 0.75 (111/148). 

In selecting outliers, we take cumulative frequencies such as the first 20, first 
40, and first 60 until the first 1000 frequencies reached. We achieved a total of 50 
stages, and samples that did not obey the conventional statistical distribution 
were screened in these 50 cases. The samples outside the 75% ± 5% range were 
defined as abnormal samples, and the total number of these samples outside the  
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Figure 2. The cumulative frequency variation of samples with the 
number of trainings. 

 
range was recorded and more than 10 times were used as the threshold to screen 
outliers, with a total of 25 outlier samples. 

The descriptive statistical analysis of the COD values of the original samples 
and the 123 samples after removed 23 samples that do not meet the statistical 
distribution after SPXY division into training and test set are shown in Table 1 
and Table 2, from which it can be seen that the maximum and minimum values 
of the training set of the original samples and the 123 samples are the same and 
the standard deviation of the samples does not differ much, whereas the stan-
dard deviation of the test set of the 123 samples is larger than the original sam-
ples. 

Then, the interval partial least square method was used to screen the feature 
bands, which divided the full waveband into 40 subintervals. The correlation 
coefficient of the test set (RT) corresponding to each subinterval is shown in Ta-
ble 3. As the intervals were divided from 1 to 40, each interval exhibits variation 
with an increment in the number of intervals, as depicted in Figure 3. It can be 
seen that the optimal RT is 0.58 under the sub-intervals 20 and 26. 

To investigate the impact of combining different bands in partial least squares 
regression models, we tested 17, 19, 20, 22, and 26 divided intervals. When di-
vided the band into 17 subintervals and joint subintervals of three, the optimal 
RT is 0.6324 and the corresponding joint subinterval is [561 - 610, 661 - 710, 811 
- 860]. For 19 subintervals and three joint subintervals, the optimal RT is 0.5333 
and the corresponding joint subinterval is [411 - 455, 546 - 590, 681 - 725]. For 
20 subintervals and three joint subintervals, the optimal RT is 0.6981 and the 
corresponding joint subinterval is [87 - 129, 259 - 301, 431 - 473]. When using 
22 subintervals and three joint subintervals, the optimal RT is 0.7133 and the 
corresponding joint subintervals is [120 - 158, 159 - 197, 276 - 314]. For 26 sub-
intervals and three joint subintervals, the RT is 0.6401 and the corresponding 
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joint subintervals is [287 - 319, 432 - 464, 564 - 596]. The bar chart of optimal 
values for subintervals 17, 19, 20, 22, and 26, when using three joint subintervals, is 
shown in Figure 4 and the optimal joint feature bands are listed in Table 4. 

 
Table 1. Statistical result of COD values for 148 samples. 

 
Number  

of samples 

COD Value 

Maximum Minimum Average Standard deviation 

Training set 111 382 52 218.24 93.74 

Test set 37 381 60.0 241.82 96.14 

 
Table 2. Statistical result of COD values for 123 samples. 

 
Number 

of samples 

COD Value 

Maximum Minimum Average Standard deviation 

Training set 92 382 52 222.89 93.34 

Test set 31 381 57 219.65 100.45 

 
Table 3. RT corresponding to different subintervals. 

Subinterval RT Subinterval RT 

1 0.49 21 0.32 

2 0.27 22 0.48 

3 0.30 23 0.48 

4 0.38 24 0.38 

5 0.40 25 0.42 

6 0.24 26 0.58 

7 0.24 27 0.53 

8 0.33 28 0.46 

9 0.32 29 0.41 

10 0.34 30 0.54 

11 0.22 31 0.48 

12 0.30 32 0.49 

13 0.33 33 0.47 

14 0.31 34 0.41 

15 0.26 35 0.38 

16 0.28 36 0.46 

17 0.50 37 0.48 

18 0.37 38 0.46 

19 0.38 39 0.48 

20 0.58 40 0.52 

https://doi.org/10.4236/ojs.2024.143012


Q. S. Mo et al. 
 

 

DOI: 10.4236/ojs.2024.143012 252 Open Journal of Statistics 
 

 

Figure 3. Line graph of RT corresponding to different subintervals. 
 

 

Figure 4. RT corresponding to subinterval optimal joint band (joint sub-
interval is three). 

 
Table 4. Optimal joint band corresponding to each divided subinterval when the number 
of joint subintervals is three. 

Number of  
subintervals 

Optimal joint band 

17 1900 nm - 1998 nm, 2100 nm - 2198 nm, 2400 nm - 2498 nm 

19 1600 nm - 1688 nm, 1870 nm - 1958 nm, 2140 nm - 2228 nm 

20 952 nm - 1036 nm, 1296 nm - 1380 nm, 1640 nm - 1724 nm 

22 1018 nm - 1094 nm, 1096 nm - 1172 nm, 1330 nm - 1406 nm 

26 1312 nm - 1376 nm, 1642 nm - 1706 nm, 1906 nm - 1970 nm 
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When the number of subintervals is 17 and the number of joint subintervals is 
four, the optimal RT is 0.6653, with the corresponding joint subinterval is [103 - 
153, 154 - 204, 256 - 306, 460 - 510]. When the number of subintervals is 19 and 
the number of joint subintervals is four, the optimal RT improve to 0.6018, and 
the corresponding joint subinterval is [185 - 229, 411 - 455, 546 - 590, 771 - 815]. 
When the number of subintervals is 20 and the number of joint subintervals is 
four, the optimal RT is slightly higher at 0.6607, with joint subinterval of [1 - 43, 
259 - 301, 431 - 473, 560 - 602]. When the number of subintervals is 22 and the 
number of joint subintervals is four, there is a notable increase in the optimal RT 
of 0.7914, and the corresponding joint subinterval is [432 - 470, 549 - 587, 666 - 
704, 783 - 821]. When the number of subintervals is 26 and the number of joint 
subintervals is four, the optimal RT is 0.6563, and the corresponding joint subin-
terval is [267 - 299, 432 - 464, 498 - 530, 564 - 596]. When the number of joint 
sub-intervals is four, the bar chart of optimal RT for sub-intervals 17, 19, 20, 22, 
26 is shown in Figure 5, and the optimal joint feature bands are shown in Table 
5. 

 

 

Figure 5. RT corresponding to subinterval optimal joint band (joint sub-
interval is four). 

 
Table 5. Optimal joint band corresponding to each divided subinterval when the number of 
joint subintervals is four. 

Number of  
subintervals 

The optimal joint band 

17 984 nm - 1084 nm, 1086 nm - 1186 nm, 1290 nm - 1390 nm, 1698 nm - 1798 nm 

19 1148 nm - 1238 nm, 1600 nm - 1688 nm, 1870 nm - 1958 nm, 2320 nm - 2408 nm 

20 780 nm - 864 nm, 1296 nm - 1380 nm, 1640 nm - 1724 nm, 1898 nm - 1982 nm 

22 1642 nm - 1718 nm, 1876 nm - 1952 nm, 2110 nm - 2186 nm, 2344 nm - 2420 nm 

26 1312 nm - 1376 nm, 1642 nm - 1706 nm, 1774 nm - 1838 nm, 1906 nm - 1970 nm 
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3.2. CNN Analysis 

In order to compare the prediction effect of SiPLS, CNN was used to predict the 
COD value of wastewater, the model parameters of CNN are shown in Table 6, 
the activation function of convolutional and input layer was selected as tanh 
function, the input value of tanh function was compressed to the range of −1 to 
1, which made it more popular than Sigmoid and ReLU in some cases, and the 
number of training rounds of the model was set at 100 times, Adam optimizer is 
chosen for the model and the learning rate is set to 0.01. 

As shown in Figure 6 below, R shows intense convergence, gradually con-
verged to 1 in rounds 0 - 20 during the training process. This indicates that the 
model showed significant changes and adjustments in the initial training phase. 
With the progress of training, the model gradually learned the characteristics of 
the data, the error value is effectively reduced, and the correlation between the 
prediction results and the true value was also enhanced. In rounds 20 - 80, the 
model has learned the characteristics of the data stable, the parameter adjust-
ments were subtle, the model’s performance remained more stable, and the pre-
diction accuracy is further improved. Near the end of the training, the model has 
basically learned the intrinsic laws of the data, the parameter adjustments were 
smaller, the model’s generalization ability is verified, and the prediction accuracy 
is stabilized at a relatively superior level, the correlation coefficient reached 0.9. 

The results of comparing the predicted and true values of the training are 
shown in Figure 7 below. The dots represented the correspondence between the 
true and predicted values, and the red line represents the straight line where the 
true value is equal to the predicted value in the ideal case. By comparing the re-
lationship between the distribution of blue dots and the red line, the fitting effect 
of the model can be visually assessed. The red line can be used as a baseline ref-
erence for comparing the degree of deviation between the true and predicted 
values. The blue dots represent the true value and the corresponding predicted 
value for each sample, and their position reflected the accuracy of the model’s 
prediction for each sample. If all the blue dots are distributed on the red line, 
then it means that the model’s prediction is accurate and there is an appreciable 
linear relationship. 

Observing the distribution of blue dots in the scatterplot can help us judge 
the fitting effect of the model. As shown in the figure, some of the blue dots 
were concentrated around the red line, but there are still some results distri-
buted in the part far away from the red line, which indicated that the model has 
a certain degree of accuracy in fitting, and there is still room for improvement, 
but the correlation coefficient between the predicted value and the true value 
has already reached 0.9, so further optimization of the CNN parameters is no 
longer considered here. The results show that the CNN structure can internally 
feature spectral screening, which reduces the complex process of feature 
screening for spectra, and the prediction correlation coefficient is also higher 
than that of SiPLS.  
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Table 6. CNN structural parameters. 

 Filter number Filter size Pooling size Pooling stride Activation 

Convolution 201 8 - - tanh 

Max Pooling -  3 1 - 

Flatten - - - - - 

Input - - - - tanh 

Output - - - - Linear 

 

 

Figure 6. Changes of R value in different training rounds. 
 

 

Figure 7. Scatter plot of the predicted and true values. 

4. Conclusions 

In this paper, after eliminating 25 samples that did not conform to the conven-
tional statistical distribution through Monte Carlo cross-validation, the remain-
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ing 123 spectra samples were analyzed to predict the COD content. First, the 
samples were divided into training and test set by SPXY in the ratio of 7:3, and 
then iPLS regression analysis was carried out. When 860 bands were divided into 
40 sub-intervals, the optimal RT was obtained under subintervals 20 and 26, and 
the RT is 0.58. Further, in order to reduce the interference of unnecessary feature 
bands, the wavebands were divided into five subintervals: 17, 19, 20, 22 and 26. 
In these subintervals, we conducted SiPLS with a number of joint subintervals 
three or four. When the number of joint subintervals is three, the optimal RT is 
0.71, and the corresponding joint band is [1018 nm - 1094 nm, 1096 nm - 1172 
nm, 1330 nm - 1406 nm]. When the number of joint subintervals is four, the op-
timal RT is 0.79, and the corresponding joint band is [1642 nm - 1718 nm, 1876 
nm - 1952 nm, 2110 nm - 2186 nm, 2344 nm - 2420 nm]. This indicated that the 
joint subintervals can reduce unnecessary information interference of feature 
bands and improve the prediction effect. Finally, the RT of COD prediction by 
CNN model is 0.9, and the results showed that CNN has a better prediction ef-
fect than iPLS and SiPLS methods and can be further generalized to quantitative 
near-infrared spectroscopy. 
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