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ABSTRACT 

The development of accurate calibration models is a crucial prerequisite for the 
successful application of near-infrared (NIR) spectroscopy for the determination of 
N contents in the reclaimed mine soils. The objective of this study was to compare 
the performance of calibration models developed with the artificial neural network 
(ANN) and partial least squares (PLS) methods. The topsoil (0  20 cm) samples (n 

The samples were finely ground and their NIR (1000 nm  2500 nm) were recorded. 
The calibration models were developed with 62 samples and then validated with the 
remaining 30 samples. At the calibration stage the models developed with both 
methods were very effective with the coefficient of determination (reference vs NIR 
predicted values) R2>0.90 and the ratio of prediction to deviation (RPD) >4. 
However, tests of the models with the validation sample set yielded somewhat 
worse results with R2 = 0.79 and RPD = 2.32 for PLS model and R2 = 0.80 and RPD 
= 2.19 for ANN model. The PLS model was slightly more accurate than ANN 
model as indicated by lower standard error of prediction values (0.16 mg g-1 and 
0.17 mg g-1 for PLS and ANN models, respectively). However, the regression 
coefficient of linear regression (reference vs NIR predicted values) was better for 
the ANN model (a = 0.84) than for the PLS model (a = 0.73). The coefficients of 
determination (reference vs NIR predicted values) were very similar in both 
methods (R2 = 0.79 and 0.80, for PLS and ANN respectively). The results indicated 
that both tested calibration models  ANN and PLS gave comparable results in 
terms of prediction accuracy. Hence, both methods can be used to create predictive 
models of the N content in the mine soils.   
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INTRODUCTION 

Environmental studies at the landscape level often require analysis of different 
physicochemical properties in a large number of samples. Classical analytical 
methods are often time consuming, expensive and require using chemical reagents 
[2], [3], [5]. A good alternative for classical analytical methods is the use of near-
infrared spectroscopy (NIRS). In particular for soils, this technique permits the 
evaluation of different properties related to organic content matter, including carbon 



 
and nitrogen content [10], [15]. Successful NIR/Vis-NIR predictions for a number 
of relevant soil properties have been reported for soils of homogeneous origin 
whereas for more diverse sample sets the predictions were less accurate [1], [6]. 
Therefore, the usefulness of NIR spectroscopy to predict various soil properties in 
heterogeneous soil sample populations requires further studies [6]. 

Near-infrared spectroscopy is an indirect method and utilizes the 
electromagnetic radiation in range of 1000 nm to 2500 nm which is absorbed by 
different chemical bonds: C-H, O-H, N-H, S-H, C-C etc. [2]. Hence, the NIR 
spectra of soils contain detailed information on their chemical composition. The 
direct interpretation of NIR spectra is not possible though, as they consist of 
numerous overlapping combinations and overtones from primary absorption in the 
mid-infrared region. However, the existing relationship between chemical 
properties of soils and their NIR spectra may be used to predict these soil properties 
from the NIR spectra of the soils. Such an approach requires NIR-based prediction 
models to be built. The nitrogen content is one of the most important soil 
compounds that may be predicted with NIR spectroscopy.  

At present, there are many methods to develop NIR-based models for the soil 
N content prediction. The most popular method seems to be a partial least squares 
(PLS), which has been widely used by many authors [7], [15]. However, nowadays 
artificial neural networks (ANN) are gaining more interest as they better cope with 
often observed nonlinearity in the relationship between NIR spectra and soil 
chemical properties. Studies show that the accuracy of prediction model of soil 
parameters based on ANN is high, but there is certain degree of blindness in the 
process of structural design [14].  

In this paper, the models based on ANN and PLS have been compared in terms 
of their efficiency to predict total nitrogen (N) in mine soils based on their NIR 
spectra.  

MATERIALS AND METHODS 

Study site 

The study was 

climate of the area is temperate, with the mean annual precipitation of 517 mm and 
the mean annual temperature 8.1°C.  

-pit mine has been extracting lignite science the second 
half of the Twentieth Century. Mining activity has occupied more than 3200 ha and 
the external dump (area ca. 1600 ha) has been reclaimed for forestry. The 
reclamation procedures at the external dump included forming and leveling off the 
surface, planting vegetation, neutralization of excessively acidic materials and 
initial NPK fertilization. The fertilized areas have been planted with Scots pine 
(Pinus sylvestris), common birch (Betula pendula), common alder (Alnus glutinosa) 
and several other deciduous trees. 

 



Soil sampling and N determination

Soil samples (n=92) were taken in October 2017 under different tree species. 
The soil samples were taken using cylinder with a volume of 400 cm3 and depth of 
20 cm. After arrival at the laboratory, the samples were sieved (2 mm mesh), air 
dried and measured for the N content with Kjeldahl method.  

Spectra measurement and prediction 

The samples were dried at 40 °C to a constant weight, ground in a mechanical 
mill and their reflectance spectra between 1000 and 2500 nm have been recorded 
using Antaris II FT-NIR spectrometer. Each sample was scanned twice and the final 
spectrum was the mean of both scans. Absorbance values (log10/reflectance) were 
used for data transformation and statistical analysis. 

Calibration equations were developed using the entire spectra 1000÷2500 nm. 
Several mathematical treatments of the spectra were tested including: no data pre-
processing, first derivative, second derivative, multiplicative scatter correction, 
Savitzky-Golay smoothing and combinations of them. The aim of the pre-
processing was to reduce NIR data dimensionality to few components, expected to 
be related to soil N content and to choose the most effective model. The final 
calibration equations were based on the 1st derivatives of the spectra taken over the 
gap size of 5 data points (GS=5). Partial least squares (PLS) and Artificial Neural 
Network (ANN) were used to create prediction models for the soil N content using 
the same data with the same pre-processing. The PLS model was created in Omnic 
software and the ANN model using Statistica 2013. The calibration models were 
built using 62 soil samples and then validated using 30 independent samples that 
were not used in the calibration. For both methods (PLS and ANN) the same 
calibration and validation sample sets were used. 

The ANN model was created as a Multi-Layer Perceptron (MLP) with 
backpropagation algorithm to calculate a gradient that is needed in the calculation 
of the weights to be used in the network. Different activation and output functions 
(linear, sinusoidal, tangent curve) were tested. The number of neurons in the hidden 
layer was determined experimentally to get the most accuracy prediction model. 
Ultimately, ANN model contained 20 neurons in hidden layer with tangent curve 
activation function  and linear as output function. For the PLS regression model, 
cross-validation was done (on the calibration set) to determine the optimum number 
of factors (F). The final model included 6 factors thus the F value was less than 
recommended 1/10 of the number of samples in the calibration set in order to avoid 
over-fitting.  

The quality of the developed models was evaluated using the coefficient of 
determination (R2) and the coefficient of linear regression (a) (measured against 
predicted values), standard error of calibration or prediction (SEC or SEP) as well 
as ratio of prediction to deviation (RPD) (SD-to-SEC ratios) [4].  

 

 



 
RESULTS 

The reflectance spectra data collected were similar with three distinct 
absorption peaks around 1420 nm, 1930 nm and 2200 nm (Fig.1).  

 
Fig 1. Representative absorbance spectra of some soil samples. 

The measured content of N in studied soil samples (n=92) ranged from 0.11 
mg g-1 to 1.65 mg g-1 with the mean value of 0.52 mg g-1 [Tab. 1]. In the calibration 
set the N content ranged from 0.11 mg g-1 to 1.11 mg g-1 and in the validation set 
from 0.25 mg g-1 to 1.65 mg g-1 

Tab 1.  Mean, minimum, maximum and standard deviation (SD) for the soil N 
contents in the entire sample population as well as the calibration and the 

validation sets. 

Sample set Number of 
soil samples Unit Mean Min Max SD 

All 92 g N mg-1 0.52 0.11 1.65 0.27 
Calibration 62 g N mg-1 0.50 0.11 1.11 0.25 
Validation 30 g N mg-1 0.59 0.25 1.65 0.37 

 

In the calibration stage for both tested prediction methods the coefficients of 
determination R2 were higher than 0.90 (Table 2).  

The slope value for the PLS was 0.92 and for the ANN was 0.88 (Table 2). 
Standard errors of calibration were very similar: 0.06 mg g-1 for PLS and 0.05 mg 
g-1 for ANN. The RPD values were 4.12 and 4.942, for the PLS and the ANN 
models respectively. 

However, tests of the models with the validation sample set yielded somewhat 
worse results with R2 = 0.79 and RPD = 2.32 for the PLS model and R2 = 0.84 and 
RPD = 2.19 for the ANN model. Better slope value was for the ANN than for PLS 
(0.84 and 0.73, respectively). The standard errors of prediction were almost the 
same: 0,16 mg g-1 for the PLS and 0,17 mg g-1 for the ANN. 
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Tab. 2 Prediction results for the N content in the calibration and validation sets 
using PLS and ANN method.

Soil 
constituenta 

Number 
of 

elements 

Gap 
sizes 

Preprocessingb Type of 
modelc 

a b R2 SEC 
or 

SEPd 

RPDe 

 calibration 

Ntotal 62 5 1D PLS 0.92 0.04 0.92 0.06 4.12 

Ntotal 62 5 1D ANN 0.88 0.06 0.91 0.05 4.94 

 validation 

Ntotal 30 5 1D PLS 0.73 0.13 0.79 0.16 2.32 

Ntotal 30 5 1D ANN 0.84 0.10 0.80 0.17 2.19 

a Corg, organic carbon, Ntotal, total nitrogen. 

b 1D, first derivative. 

c PLS, partial least squares; ANN, artificial neural network. 

d SEC, standard error of prediction; SEP, standard error of prediction. 

e RPD, ratio of prediction to deviation. 

DISCUSSION 

The three observed peaks in the NIR spectra of the analysed correspond to 
peaks commonly observed in the soil NIR spectra [7], [13]. The absorption region 
at approximately 1420 nm is the first overtone of O-H stretching and the region at 
approximately 1930 nm is the combination of O-H stretching and H-O-H bending 
in water molecules trapped in the crystal lattice [11]. The absorption peak at ca. 
2200 nm, may be related to phenolic O-H, amide N-H, amine N-H and aliphatic C-
H [15]. 

Both PLS and ANN methods provided good calibration models with R2>0.90 
[Fig. 2], which are considered very effective by Zornoza et al, (2008) and Xu et al., 
(2018) [15], [12], but are not as good as those reported by He (2005) and Vergnoux 
(2009) where R2  = 0,97-0,98 have been achieved in calibration set for N (using 
PLS method). Kuang et al., (2015) [8] achieved similar R2 (0,85-0,90) for the 
prediction of soil organic carbon (OC), pH and clay content (CC)) using ANN 
method. 



 

 

Fig. 2 Correlation between measured and predicted values of N 

The standard errors of calibration were very similar for both methods (0.05 mg 
g-1 and 0.06 mg g-1 for PLS and ANN, respectively), indicating their comparable 
accuracy. However, the slope value in the PLS was slightly better than in the ANN 
(0.92 vs 0.88, respectively). Both methods gave high value of RPD >3, which 
indicates their potential usefulness for quantitative predictions. Ratio of prediction 
to deviation (RPD) was higher in the ANN than in the PLS model (4.94 to 4.12, 
respectively).  The higher value of RPD in the ANN calibration model than in the 
PLS calibration model was observed also by Kuang et al., (2015) [8] (RPD=3.01 
and RPD=2.29 for OC in ANN and PLS, respectively; RPD=2.57 and RPD=2.02 
for pH in ANN and PLS, respectively). 

Tests of the developed models using the validation sample sets yielded 
somewhat worse results since the R2 values were 0.80 to 0.79 for the ANN and the 
PLS, respectively.  Our results are similar to those of Fystro et al. (2002) and 
Morellos et al. (2016) who at the validation stage of their NIR models for N 
prediction reported R2 = 0.78 [6, 9].  Similarly to our results, Kuang (2015) reported 
lower R2 values for the prediction of OC, pH and CC in the validation sets [8]. They 
also found slightly higher R2 values for the ANN models than for the PLS models.  

The accuracy of the obtained PLS and ANN models was high as indicated by 
the RPD values (2.32 and 2.19, repsiectively). According to Morellos et al. (2016) 
the PLS and ANN models can be considered to have a good prediction ability if the 
RPD values are above 1.8. These authors reported RPD values of 1.84 for the PLS 
and 2.10 for the ANN models used to predict the soil N content [9].  



The PLS model was slightly more accurate than the ANN model as indicated 
by lower standard error of prediction values (0.16 mg g-1 and 0.17 mg g-1 for PLS 
and ANN models, respectively). However, obtained SEP values were lower than in 
Chodak et al., 2002, who reported SEP = 0.4 mg g-1 for the PLS model for the N 
content prediction [2]. The better performance of ANN model, as compared to PLS 
model might be attributed to nonlinear dependence between NIR spectra and soil N 
content. The ANN is known to better overcome the problem of nonlinear 
relationships between chemical and spectroscopic data [8]. 

The results indicated that both models  the ANN and the PLS gave comparable 
results in terms of the prediction accuracy, so they can be effectively used to predict 
the N content in the mine soils, based on their NIR spectra. Prediction accuracy is 
likely to increase with the increasing number of samples available for calibration 
[12].  

CONCLUSION  

Near-infrared spectroscopy can be a useful tool for creating prediction models 
of N content in the mine soils, but the NIR spectra need to be adequately 
transformed. The best math treatment is unknown and therefore different math 
treatments must be tested. In this study, the best pre-processing was the first 
derivative of spectra taken over 5 data points.  

The Partial Least Square and Artificial Neural Network methods provided 
promising predictions of N content in the mine soils. During the calibration process 
both models gave comparable results (R2>0.90, SEC 0.5-0.6 mg g-1 and RPD >4). 
However, slightly better model (according to tests with the validation set) with 
higher R2 (0.80 vs 0.79 ANN and PLS, respectively) and better slop value (0.84 vs 
0.73 in ANN and PLS, respectively) was in the ANN than the PLS model. The 
higher accuracy in ANN model can be caused by the nature of artificial neural 
networks, which deal better with non-linear dependencies. However, both methods 

 the  ANN and the PLS, can be used to create prediction models, based on soil 

more reliable models including a larger number of soil samples from the mine sites. 
Nonetheless, the good prediction models, which were developed in this study, could 
be used to characterize other soils collected in the studied region 
external dump). 
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