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1. Introduction 

Three-dimensional excitation emission matrix (EEM) analysis is effective as a simple and highly 

sensitive method for the characterization of dissolved organic matter (DOM). However, quantification of each 

DOM by EEM is difficult in the case where substances having close peaks or different spectral intensities are 

mixed.  

Conventionally, N-way partial least squares (N-PLS) model which decomposes the independent and 

dependent variables into multilinear models so that the score of independent variable have a maximal 

covariance with that of dependent variable has been used for the simultaneous quantification of multiple 

fluorophores (Kumar et al 2011, Dinç et al 2017). 

Besides N-PLS model, artificial neural network (ANN) is also used as a powerful regression model. 

ANN is a nonlinear model having a structure with three or more layers built with a set of nodes. A model is 

built by gradient descent method optimizing the weight values which represent the relationship between each 

layer. To our limited knowledge, no research has developed an ANN quantitative method which 

simultaneously quantifies the most common DOMs (humic acid, fulvic acid, tryptophan, tyrosine) containing 

in freshwater. 

In this study, a method which quantifies four kinds of DOMs simultaneously from the EEM spectra 

using ANN is performed. EEM spectra was measured for 126 kinds of solutions with known concentrations 

mixed with four kinds of DOMs at an arbitrary ratio and N-PLS and ANN were performed on randomly 

selected data sets with the number of data 32, 64, and 126. The effectiveness of the developed method was 

examined by comparing the predictability of N-PLS model and ANN model. 

2. Materials and Methods 

Noise which was less than intensity 37.72 was replaced with 0 in all the measured spectra. Centering 

and scaling of the data was done. Root mean squared error (RMSE) was used in order to evaluate the 

predictability of the model. A trial which calculates the RMSE of the model built with an arbitrary number of 

data was conducted 10 times, and the average of the RMSE was used as the predictability of the model. The 
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minimum value of RMSE of N-PLS models built with the number of principal components 1 to 20 respectively 

using leave-one-out method was selected as a predictability of the model. The N-PLS model was built with 

N-way Toolbox of MatLab (2018 R2018a). The matrix (126×9951) unfolded from three-dimensional data set 

was fed into an input layer of the ANN model. Hyper parameters (number of hidden layers (1, 2, 3, 4) and 

nodes (32, 64, 128) ) were optimized using leave-one-out method. Rectified linear unit was used as an 

activation function. Weight was estimated with Adam algorithm. 

3. Result & Discussion 

The RMSE of the N-PLS model built with the number of principal component 15 was the smallest, and 

the RMSE was 0.31 mg-C/L. The average values of RMSE of 10 trials defined in materials and methods with 

the number of data 32 and 64 were 0.35 mg-C/L, 0.29 mg-C/L, respectively in N-PLS model. 

One hidden layer and the number of nodes 64 were selected as optimized hyper parameters of the ANN 

model built with the number of data 126, and the RMSE of the model was 0.41 mg-C/L. ANN model was built 

with the number of data 32 and 64 respectively using hyper parameters optimized with the number of data 

126. The average values of RMSE of 10 trials with the number of data 32 and 64 were 0.78 mg-C/L and 0.51 

mg-C/L, respectively in ANN model. The predictability of the N-PLS model was higher than that of the ANN 

model since RMSE of N-PLS model was lower than that of ANN model in all the number of data 32, 64, and 

126. 

In the trilinear tri-PLS model, a model is built using independent variables expressed as a product of a 

principal component vector and two weight vectors. Since tri-PLS model uses information in all dimensions 

for decomposition of independent and dependent variables, it is easier to interpret, and it is possible to build 

a model with less influence of noise than a model which unfolds those variables (Bro 1996).  

When unfolding multidimensional independent variables, the structure and features of multidimensional 

data are lost in independent variables (Singh et al 2007). In the ANN model, it was assumed that the input data 

has lost the three-dimensional information since all the three-dimensional sample data matrices were unfolded 

into two-dimensional vectors. The data unfolded from three dimensions into two dimensions was used as an 

input of ANN model. Calculation of weight optimization becomes more complicated as the dimension of the 

input layer increases, and the complex model is more difficult to interpret than the simple model (Bowdena et 

al 2005). In the ANN model, the interpretation of the model was difficult since the dimension of the input 

layer was large (9951-dimensions). It is assumed that the dimension of the input layer should be decreased in 

order to facilitate the interpretation of the model.  

4. Conclusion 

In this study, a method which quantifies four kinds of DOMs simultaneously from the EEM spectra 

using ANN was performed. The conventional method N-PLS was performed in order to confirm the 

effectiveness of the developed model. The predictability of the N-PLS model was higher than that of the ANN 

model in the conditions of this study. Since three-dimensional EEM spectra data was unfolded into two-

dimensional data, the structure and characteristics of the three-dimensional data has been lost in the input data 

of ANN model. On the other hand, the N-PLS model became simpler and easier to interpret than the ANN 

model since the N-PLS model was built using independent and dependent variables keeping the three-



dimensional structure. Moreover, as the dimension of the input layer became larger (9951-dimensions), the 

ANN model became complicated and interpretation became more difficult. In order to facilitate the 

interpretation of the ANN model, it is assumed that the dimensionality reduction of the fluorescence spectra 

data is required.
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