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Abstract— The main purpose of this present study is to apply the near infrared (NIR) technology as a rapid and robust method in predicting soil quality 

parameters in form of potassium (K), Magnesium (Mg) and calcium (Ca) simultaneously. Diffuse reflectance spectra data were acquired for a total of 40 

bulk soil samples (60 g per each bulk) in near infrared (NIR) wavelength range from 1000 to 2500 nm. On the other hand, actual reference K, Mg and Ca 

were measured using standard laboratory procedures. Prediction models, used to predict those three quality parameters were established using 

principal component regression (PCR) and partial least square regression (PLSR) method. Moreover, prediction accuracy and robustness were 

evaluated based on correlation coefficient (r) and residual predictive deviation (RPD) index respectively. The result showed that K, Mg and Ca of soil 

samples can be predicted simultaneously using NIR technology with maximum r coefficient and RPD index were 0.97 and 5.14 for K, 0.98 and 8.34 for 

Mg, 0.98 and 8.90 for Ca respectively, which categorized as excellent model performance. Thus, it may conclude that NIR technology can be used and 

applied as rapid and simultaneous method to predict quality parameters of soil samples satisfactory. 
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1. INTORDUCITON 
Tin general, the major function of soil is to provide 

fundamental natural resources for survival of all living 

creatures which depends on the balances of soil structure and 

nutrient compositions [1]. The maintenance of soil quality is 

critical for ensuring the sustainability of the environment and it 

requires real time monitoring in order to take further actions. 

Soil quality parameters are included macro and micro 

nutrients, carbon organic, soil textures and also minerals 

content [2], [3].  As a result, plants can grow optimally in a 

healthy soil, heavy metals free and fertile. Soil chemical 

properties related to the amount of nutrients and other soil 

quality parameters required by plants. the amount needed will 

vary each growth phase. To determine soil quality parameters 

as referenced above, several methods were already 

employed. However, most of these methods were based on 

solvent laboratory analysis and followed by complicated 

procedures [4]–[6]. Generally, it is difficult to determine 

nutrient and minerals contents on soil in real time and without 

sample preparation [7]. Normally, it requires standard 

laboratory procedures in which took some time with 

complicated sample preparation, involved chemical materials 

and destructive in nature [8]. Meanwhile, soil nutrient contents 

must be determined rapidly in order to take an action required 

and ensure optimum plant growth. Therefore, alternative fast 

and robust method is required to determine soil quality 

parameters. During last few decades, the near infrared (NIR) 

technology has been widely studied and applied as an 

effective technique for rapid analysis of soil and other 

biological quality properties [9], [10]. 
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Compared with standard chemistry analysis, NIR technology 

can be used as an alternative method since this analysis is 

rapid, cost effective, non-destructive, requires minimal sample 

preparation and can be used directly on-field [7], [11], [12]. 

More importantly, NIR method allows a simultaneous 

quantitative assessment of several quality attributes properties 

in a single measurement. This technique mainly measures 

overtones and combinations of fundamental vibrational bands 

for O-H, N-H and C-H bonds from the mid-infrared region [13]. 

The near infrared technology is a technique which uses 

infrared radiation in wavelength range from 700 to 2500 nm of 

the electromagnetic spectrum to analyze the chemical 

composition of organic matter [7], [14]. It provides information 

through spectra signatures and patterns, regarding with the 

intrinsic organic bonds of the molecules and thus the primary 

chemical constituents of the object can be determined [11]. 

Numerous studies have been conducted and reported related 

to the application of NIR technology in determining several 

quality parameters of biological objects such as fruits and 

horticultural products [15], [16], coffee and cocoa [17], [18], 

meat and dairy products [19], [20], soil and root [21]–[23]. 

Overall findings stated that the NIR technology was able to 

predict several quality parameters of biological objects rapidly. 

In term of accuracy and robustness, there are varied 

achievement among them from which categorized as sufficient 

to excellent prediction performances. Further studied still need 

to be carried out in order to find suitable methods related to 

NIR analysis. These methods are included NIR spectra 

correction method, calibration method and others. Therefore, 

the main objective of this present study is to apply the NIR 

technology as rapid and robust method in assessing soil 

quality attributes in form of potassium (K), magnesium (Mg) 

and calcium (Ca) through calibration models development. 

This study also aimed to find the optimum calibration method 

which can provide more accurate and robust prediction 

performances. 
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2 MATERIALS AND METHODS 
2.1 Soil samples 

A bulk of soil samples were collected from 8 different sites in 

Banda Aceh and Aceh Besar district area in Aceh Province, 

Indonesia. Those soil samples cover different land use: rice 

field, ground/planted field and bare land. Soils samples were 

taken to the lab, dried and stored for 3 days before spectra 

acquisition and further data analysis. A total of 40 bulk of soil 

samples (60 g per each bulk) were used to acquire and 

measure near infrared spectra data.  

 

2.2 Near infrared spectra data acquisition 

Near infrared spectra data of all soil samples were acquired in 

form of diffuse reflectance spectral data in wavelength range 

from 1000 to 2500 nm. To ensure acquisition stability, 

background spectra correction was performed every hour 

automatically. Diffuse spectra data were collected and 

recorded in NIR wavelength region as referenced above with 

the increment of 0.2 nm resolution. Soil samples were 

scanned 32 times and the averaged data were recorded and 

stored in SPA and CSV extension files. 

 

2.3 Prediction models 

Soil quality attributes in form of K, Mg and Ca were predicted 

by developing prediction models through calibration. Two 

different regression approaches namely principal component 

regression (PCR) and partial least square regression (PLSR) 

were used and the prediction performances were compared.  

In order to achieve optimum and robust prediction models, 

leverage cross validation was subjected during calibration 

models development [7], [24]. Prediction model performance 

were quantified using several statistical indicators namely: 

coefficient determination (R
2
), coefficient correlation (r), the 

root mean square error (RMSE) and residual predictive 

deviation (RPD) index which corresponds to prediction 

accuracy and robustness indicators respectively [25], [26]. 

 

3 RESULTS AND DISCUSSIONS 

3.1 Infrared spectra feature of soil  

A captured single spectrum in near infrared region of soil 

samples was shown in Fig. 1. Soil spectral features in the NIR 

wavebands are highly correlated to the vibration energy of 

chemical bonds and functional groups like O, H, C, N, and 

other chemical structures. These bonds represent the energy 

changes from which two or more vibration patterns exist in 

these bonds including stretch vibration and bend vibration. Soil 

nutrients and minerals are consisted of several chemical 

structures vibrated along near infrared wavebands and thus 

can be predicted using such particular data analysis. Several 

soil quality attributes like minerals were spread-out along NIR 

wavebands especially at the end of NIR region around 2200 

nm, and little portion of minerals also observed in early NIR 

wavelength, at around 1160 nm. As can be seen in this 

referenced figure, the highest peak from the NIR wavebands 

of soil samples were observed in 1410 nm and 1920 nm which 

are associated with moisture molecules (O-H). This also in 

agreement with Cen and He (2007) stated that water 

absorption bands of organic materials can be found in 

wavelength around 1400 nm and 1900 nm respectively. Figure 

axis labels are often a source of confusion.  

 
Fig. 1. Spectra features of soil samples in NIR wavelength 

region. 

 

Moreover, soil macro nutrients like nitrogen (N), phosphorus 

(P) and potassium (K) were absorbed light radiation in 

wavelength range around 1520 nm and 2110 nm for N, 1310 

nm and 1670 nm for P and 1180 nm for K. Similar findings 

also noted by other publications stated that soil macro 

nutrients can be predicted in early to middle NIR wavelength 

region since those nutrients reached highest light absorption. 

On the other hand, soil organic carbon was absorbed more 

light in wavelength range from 1350 to 1425 nm.  

 

3.2 Soil quality attributes prediction 

The main part of infrared technology application is to develop 

models used to predict several quality attributes of respected 

materials simultaneously. Those models were established 

using spectra data and reference data obtained from the 

laboratory analysis. In this study, we attempted to develop 

prediction models used to determine K, Mg and Ca contents of 

soil samples by employing regression approaches. Firstly, the 

principal component regression (PCR) was used to establish 

prediction models.  

 

Table 1. 

Prediction performance of K, Mg and Ca using principal 

component regression (PCR) method 

Quality 

parameters  

Statistical Indicators 

R
2
 r RMSE RPD LVs 

K 0.76 0.84 0.19 2.71 7 

Mg 0.82 0.88 1.24 3.83 6 

Ca 0.84 0.90 1.44 4.45 6 

Ca: calcium, K: potassium, LVs: number of latent variables, 

Mg: magnesium, PCR: principal component regression, r: 

correlation coefficient, R
2
: coefficient of determination, RMSE: 

root mean square error, RPD: residual predictive deviation 

index. 

 

As shown in Table 1, all three quality parameters (K, Mg and 

Ca) can be predicted with maximum correlation coefficient 

0.90. In term of accuracy and robustness, Mg and Ca can be 

determined very well with correlation coefficient (r) and 

residual predictive deviation (RPD) index of 0.88 and 3.83 for 

Mg, and r = 0,90, RPD = 4.45 for Ca prediction which was 

categorized as excellent prediction model performance. On 

the other hand, good model performance was achieved when 

the model used to predict K content. Even though generated 

lowest r coefficient and RPD index, K content can be predicted 
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effectively and sufficiently using the PCR regression approach. 

In this study, we also attempted to develop prediction models 

using partial least square regression (PLSR) approach. Just 

like PCR method, the PLSR also regressed the NIR spectral 

data of soil samples and actual quality parameters obtained 

from laboratory analysis. Prediction performance for K, Mg 

and Ca using the PLSR approach is presented in Table 2 from 

which we can see that all those three quality parameters (K, 

Mg and Ca) of soil samples can be predicted very well and the 

overall results were better than obtained by the PCR method.  

 

Table 2. 

Prediction performance of K, Mg and Ca using partial least 

square regression (PLSR) method 

Quality 

parameters  

Statistical Indicators 

R
2
 r RMSE RPD LVs 

K 0.96 0.97 0.10 5.14 7 

Mg 0.97 0.98 0.57 8.34 6 

Ca 0.97 0.98 0.72 8.90 6 

Ca: calcium, K: potassium, LVs: number of latent variables, 

Mg: magnesium, PCR: principal component regression, r: 

correlation coefficient, R
2
: coefficient of determination, RMSE: 

root mean square error, RPD: residual predictive deviation 

index. 

 

The correlation coefficients for K, Mg and Ca were significantly 

improved. The maximum correlation coefficient achieved was 

0.98 with maximum robustness index of RPD was 8.90. All 

prediction models obtained by using PLSR method were 

categorized as excellent prediction models.  Judging from the 

prediction performance, it seems that PLSR regression 

approach generated more accurate and robust prediction 

results than that in PCR one. Scatter plot derived from PLSR 

approach for all those three quality parameters of soil samples 

was presented in Figure 2. It shows that PLSR improved 

prediction accuracy by lowering prediction error (RMSE), and 

thus resulting high correlation coefficient and robustness 

index. Similar findings also reported by other researchers that 

PLSR generally provided and generated more accurate and 

robust prediction results compared to PCR approach. It is 

obvious that the PLSR regression approach enhanced and 

improved prediction performance for all three quality attributes 

prediction. The main reason behind this improvement is that in 

PLSR, the algorithm seeks to find best correlation between X 

variable (spectra data of all soil samples) and Y variable (K, 

Mg and Ca content) by mapping them onto latent variable 

spaces. Meanwhile, on the PCR, the algorithm only subjected 

X data onto the principal component map.  

 
Fig. 2a. Scatter plot between actual reference and predicted K 

of soil samples using PLSR approach. 

 
Fig. 2b. Scatter plot between actual reference and predicted 

Mg of soil samples using PLSR approach. 

 

 
Fig. 2c. Scatter plot between actual reference and predicted 

Ca of soil samples using PLSR approach. 

 

In term of the number latent variables (LVs) required to 

construct prediction models, both PCR and PLSR approaches 

required same number for LVs (7 for K prediction and 6 for 

both Mg and Ca prediction). The number LVs often considered 

and taken into account to evaluate the effectiveness of 

prediction models in NIRS application. It is obvious that lower 

number of LVs is preferable to avoid over-fitting and over 

optimistic prediction models. Based on literatures, it is 

recommended that maximum number of latent variables is 9 to 

11 [7, 19]. 

 

4 CONCLUSION 
Based on obtained results, it may conclude that near infrared 

reflectance spectroscopy (NIRS) can be applied as a fast and 

simultaneous method for major quality parameters prediction 

of soil samples (K, Mg and Ca). Prediction models established 

by the PLSR approach generated more accurate and robust 

prediction result for all those three quality parameters with 

maximum correlation coefficients between actual reference 

and predicted quality attributes: 0.97 for K and 0.98 for both 

Mg and Ca prediction respectively. 
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