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Understanding soil fertility, influenced by macronutrients such as nitrogen, 

phosphorus, and potassium, is essential for the implementation of adaptive 

agriculture based on various soil conditions. Near-infrared spectroscopy technology 

provides non-destructive, rapid soil property measurements without chemicals, and 

is applicable both in the field and in the laboratory. However, the wide NIR spectrum 

range and neural network complexities can hinder Artificial Neural Network 

(ANN) training and inference, leading to time and resource inefficiency, 

particularly without sophisticated computing devices. This study examined data 

reduction methods to enhance ANN performance in predicting soil macronutrients 

using NIR spectra. Multiple Linear Regression (MLR) and Principal Component 

Analysis (PCA) were applied to select wavelengths from the 1000–2500 nm for 

ANN input, comparing their performance. Approximately 237 NIR reflectance data 

points from paddy soils were transformed into absorbance data. MLR used forward 

selection to identify wavelengths with correlations higher than 0.9, whereas PCA 

selected wavelengths corresponding to the loading factor peaks for each principal 

component. These selected wavelengths served as inputs for the ANN model. The 

ANN performance was assessed using the correlation and determination 

coefficients, RMSE, RPD, and model consistency. For nitrogen, the PCA+ANN 

model with reflectance spectra performed better (RPD 2.4-4.8) than the MLR+ANN 

model (RPD 2.2-2.6) using fewer wavelengths (5-9 for PCA+ANN vs. 9-12 for 

MLR+ANN). For phosphorus estimation, the PCA+ANN model also excelled (RPD 

2.3-7.0 vs. 2.3-2.4) with fewer wavelengths (4-7 vs. 7). The PCA+ANN model 

showed superior performance (RPD 4.3-9.5 vs. 4.2-4.4), using the same number of 

wavelengths (4-8 vs. 4-6). 
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1. Introduction 

The role of soil in agriculture is crucial because it provides essential nutrients for plant growth. 

The application of adaptive agriculture to diverse soil conditions, knowing soil fertility, one of which 

is determined by macronutrients such as nitrogen (N), phosphorus (P), and potassium (K), is very 

important. However, traditional soil analysis is time consuming, costly, and potentially 

environmentally damaging because of chemical waste. Therefore, there is an urgent need for efficient, 

environment-friendly, and economical soil analysis methods to ensure sustainable soil nutrient 

availability for optimal agriculture (Johnson et al., 2019). 

Soil is a complex mixture of water, air, and organic and inorganic matter particles. The diverse 

composition of soil organic matter significantly affects factors such as biological processes, availability 

of nutrients such as N, P, and K, soil dynamics, structure, aggregation, and water holding capacity. 

These properties vary depending on the source and type of the soil. The relationship between NIR 

spectra and soil macronutrients is not always linear but can be nonlinear, influenced by the diversity 

of soil physical, chemical, and biological properties, which are very complex. 

Near-infrared spectroscopy (NIRS) is a promising alternative to conventional soil-analysis 

techniques. NIRS technology has several advantages, such as being non-destructive, simple sample 

preparation without the need for chemicals, fast measurement, the ability to predict soil properties 

through one scan, and the ability to be used both in the field and the laboratory. 

Several studies have explored the potential of NIRS to estimate soil properties and fertility (Barthès 

et al., 2019; Pusch et al., 2023; Srisomkiew et al., 2022; Zheng et al., 2023). In N estimation, high R2 

values between 0.75 - 0.95 were obtained (Bachion de Santana and Daly 2022; Munawar et al., 2020; 

Ng et al., 2020; Pudełko and Chodak, 2020; Reda et al., 2019; Zhou et al., 2019). Estimation of P by Reda 

et al., 2020 showed a low R2 value, but in other studies, a high R2 value was obtained ranging from 

0.63 - 0.91 (Cai et al., 2021). For K prediction, it showed a low R2 value between 0.47 - 0.59 (Johnson et 

al., 2019), but in other studies, a high R2 value was obtained between 0.92 - 0.99 (Tang et al., 2020). This 

study used a wide wavelength range of 1000-2500 nm. According to Firdaus et al. (2024), the use of 

Multiple Linear Regression (MLR) as an NIR wave calibration model of nutrients, even though it has 

been able to reduce the number of wavelength variables from 1501 to 4-12 variables but showed R2 

values still below 0.90 for reflectance and absorbance spectra, so there is still a need for a calibration 

model that can improve estimation accuracy with the involvement of a minimal number of 

wavelengths. 

In NIRS, the construction of a calibration model aims to relate the spectral data to the soil nutrient 

values. Machine learning is used to develop algorithms and models that can learn from data, detect 

patterns, and make predictions and decisions. One of the models used in machine learning is the 

Artificial Neural Network (ANN). Several studies using ANN have shown a strong correlation 
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between NIR spectra and soil NPK content. However, ANN have disadvantages, particularly in terms 

of their complexity. The ANN model is difficult to interpret because of the large amount of input data 

for up to 1501 NIR spectra (1000-2500 nm), which slows the understanding of the contribution of each 

spectral feature to the prediction results. In addition, ANN training and inference processes are time- 

and resource-intensive. A large number of parameters and complex calculations can slow down this 

process, especially in the absence of sophisticated computing devices. 

One approach to reducing model complexity and data volume is data reduction techniques. Data 

dimensionality reduction is often used to simplify or reduce data complexity, increase computational 

efficiency, and improve the interpretability and model performance. One of the data dimension 

reduction techniques that can be applied to NIR spectral data is Principal Component Analysis (PCA), 

which uses the loading score value in PCA and shows the contribution of data to its main component 

(Ouassila et al., 2023; Razmi et al., 2022). Another technique to reduce wavelengths by selecting 

wavelengths that contribute to soil nutrients is MLR. MLR is a statistical technique that is used to 

model the linear relationship between one dependent variable and two or more independent 

variables. 

This study aimed to analyze the performance of MLR and PCA in selecting and reducing 

wavelengths as input data for ANN models to predict soil macronutrients (NPK) in rice fields using 

NIRS. 

2. Materials and Methods 

2.1 Soil Sample 

In this research, a total of 79 soil samples were collected from rice fields in Bogor, Subang, 

Indramayu, and Sukabumi districts of West Java Province. These samples, weighing 500 g each, were 

obtained using a purposive random sampling approach that was based on soil nutrient availability 

maps. The soil types that were predominantly found at the sampling sites were Gleisol, Cambisol, 

Regosol, Latosol, Podzolic, and Andosol. The primary parent material categories encompass clay, 

andesite, and basalt deposits (BBSDLP, 2016a; BBSDLP, 2016b; BBSDLP, 2017a, 2017b). Soil samples 

were obtained from a depth of 0-20 cm using a hoe and subsequently placed in plastic bags for 

transportation to the laboratory for examination. 

2.2 NIR Reflectance Retrieval and Data Pretreatment 

The soil samples were dried to a mean moisture content of 8.31% with a standard deviation of 

1.14%. Afterward, the samples were freed of foreign materials, sifted through a 0.75 mm sieve, and 

then transferred to a 9 cm diameter and 2 cm high Petri dish. Reflectance data (R) were acquired using 

a Buchi NIRflex N500 spectrometer (1000-2500 nm), with a total of 1501 data points. For each of the 
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237 spectral data points, each sample was measured three times by rotating the Petri dish by 1/3 of its 

diameter. The reflectance data were then transformed into absorbance values (A = log(1/R)). 

2.3 Conventional Measurement of Soil Macronutrient Content 

Soil samples with spectral data were then conventionally measured for macronutrients: total N 

using the Kjeldahl method, total P using the HNO3 extraction method, and total K using the HNO3 

extraction method (Balit Tanah 2009). 

2.4 ANN Model Calibration 

The calibration process uses an ANN model with two wavelength selection methods as the input 

data, MLR and PCA (Figure 1). The architecture of the developed ANN model consisted of an input 

layer, one hidden layer with the number of nodes optimized for the best performance, and one output 

layer for each nutrient, N, P, or K.  

 
(a) 

 
(b) 

Figure 1. Artificial Neural Network Model with Input Selection: (a) MLR+ANN and (b) PCA+ANN 
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The model uses feedforward backpropagation with the Levenberg-Marquardt training algorithm. 

The transfer function used in the hidden layer is sigmoid, where the sigmoid function is nonlinear, 

which can capture and model nonlinear relationships in the data (Dubey et al. 2022), whereas the 

output layer uses a linear function because the linear function has an input scale value proportional 

to the output, and the prediction is on the same scale as the original target (Feng and Lu 2019). 

The calibration procedure used 237 spectral data points, with 150 data points for calibration and 87 

data points for validation. Model calibration was performed by optimizing the number of nodes in 

the hidden layer for each R and A data spectrum using MATLAB software. Both the R and A spectra 

were used to determine which spectra had a stronger relationship with nutrient content values. The 

transformation of R to A may cause a change in the linearity of the spectra concerning nutrient content. 

2.4.1 Wavelength selection based on MLR output 

The MLR method was the forward method using SPSS software. The selection and addition of 

wavelength variables were stopped when the total correlation of the MLR model exceeded 0.90. The 

input data for the MLR equation consisted of R and A data in the range 1000-2500 nm (1501 data). The 

selected wavelengths were then used as input data for the ANN. 

2.4.2 Wavelength selection using PCA 

PCA is a technique that reduces the dimensionality of multivariate data into a smaller set of linear 

combinations but captures most of the variance of the original data. The PCA process used was 

Unscramble X 10.4 software. Wavelength selection was determined based on the loading value that 

becomes the peak of the curve in each principal component (PC) in the R and A spectra. The input 

data for the PCA equation consisted of R and A data in the range–1000-2500 nm (1501 data). The 

selected wavelengths were then used as input data for the ANN. 

2.5 ANN Model Validation Performance 

The good model performance was assessed by a high correlation coefficient (r), high coefficient of 

determination (R2), low Root Mean Square Error (RMSE), high ratio of performance deviation (RPD), 

and 80-110% consistency. 

𝑅𝑃𝐷 = (𝑆𝑡. 𝑑𝑒𝑣)/𝑅𝑀𝑆𝐸                                          (1) 

Consistensy = 𝑅𝑀𝑆𝐸𝑐𝑎𝑙𝑖𝑏𝑟𝑎𝑡𝑖𝑜𝑛 𝑅𝑀𝑆𝐸𝑣𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛  × 100%⁄                                                      (2) 

dev represents the standard deviation of the reference and RMSE is the root-mean-square error 

between the predicted and actual values. 
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3 Result and Discussion 

3.1 Calibration and Prediction Result Using PCA-ANN and MLR-ANN 

3.1.1 Nitrogen 

Nitrogen in the soil exists in the form of inorganic compounds, such as nitrate (NO3-), nitrite (NO2), 

ammonium (NH4⁺), and organic compounds, such as amino acids (proteins), glucosamine 

(hexosamine), purines, and pyrimidines. The total N content in mineral soils is very small, ranging 

from 0.02% to 0.5% (Havlin et al., 2017), and in Indonesia, it varies between 0.01% and 0.59% (Ng et 

al., 2020). The N content in this study ranged from 0.09% to 0.24%. 

The low N content causes the absorbance of ions associated with N to be small, making it difficult 

to observe wave peaks (Figure 2). Therefore, the selection of NIR wavelengths that were strongly 

correlated (r>0.9) with N was performed using MLR. PCA was used to determine the main 

wavelengths with the largest variations in the data. 

 

Figure 2. (a) Reflectance spectra and (b) absorbance spectra of NIR wavelengths from soil samples.  
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Some of the NIR wavelengths with the hight contributions to the MLR model and principal 

components are listed in Table 1. These wavelengths were used as ANN input data. The MLR model 

using R spectra obtained 9 wavelengths with an r value of 0.91, while using A spectra produced more 

wavelengths (12 wavelengths), but had a smaller r of 0.89 (Firdaus et al., 2024). 

Table 1. Selected Wavelengths for Nitrogen Nutrients Using MLR and PCA. 

Selection 

Model 
Spectra r 

Wavelengths (nm) 

1 2 3 4 5 6 7 8 9 10 11 12 

MLR R 0.91 1266 1438 2059 1885 1398 2201 2216 2302 1083 - - - 

 A 0.89 1255 1399 2168 1383 1406 1000 1003 1030 1007 2203 2216 1036 

PCA R - 1908 

PC3 

2208 

PC3 

1601 

PC2 

2051 

PC2 

1380 

PC1 

2161 

PC1 

1716 

PC1 

2260 

PC2 

1416 

PC3 

- - - 

  A - 1612 

PC2 

1871 

PC4 

2260 

PC2  

1390 

PC1 

1383 

PC4 

1908 

PC3 

1838 

PC4 

- - - - - 

The PCA model using the R spectra obtained nine wavelengths, consisting of three wavelengths 

each in PC1, PC2, and PC3. Meanwhile, the PCA model with spectral data A produced fewer than 

seven wavelengths, consisting of one wavelength in PC1 and PC3, two wavelengths in PC2, and three 

wavelengths in PC4. 

In Table 2, the PCA + ANN model consistently performed better than the MLR + ANN model, 

both in the calibration and validation stages. This was indicated by the higher r-value, higher R2, and 

lower RMSE of the PCA + ANN model. The PCA + ANN model also produced higher RPD values, 

indicating a higher prediction accuracy for determining N nutrients. 

Table 2. Performance of ANN in Determining Nitrogen Nutrients Based on Wavelength Selection 

Model. 

Selection 

Model 
Spectra 

Number 

of Inputs 

Nodes 

in 

Hidden 

Layer 

Calibration Validation 

Consistency 

(%)  r R2 
RMSE 

(%) 
RPD r R2 

RMSE 

(%) 
RPD 

MLR+ANN R 9 3 0.93 0.87 0.013 2.8 0.93 0.86 0.014 2.6 92.9 
 A 12 3 0.92 0.84 0.014 2.5 0.89 0.79 0.017 2.2 82.4 

PCA+ANN R 5 4 0.92 0.84 0.015 2.5 0.91 0.83 0.015 2.4 96.8 

  6 6 0.96 0.92 0.011 3.5 0.93 0.86 0.013 2.6 83.0 

  7 8 0.97 0.94 0.009 4.1 0.96 0.92 0.011 3.6 81.2 

  8 6 0.97 0.93 0.009 3.9 0.96 0.92 0.011 3.5 82.4 

  9 5 0.96 0.92 0.011 3.5 0.95 0.91 0.011 3.3 97.7 

 A 5 7 0.95 0.90 0.012 3.2 0.92 0.84 0.014 2.5 84.4 

  6 7 0.96 0.93 0.010 3.7 0.96 0.92 0.011 3.5 90.2 

  7 8 0.97 0.93 0.009 3.8 0.96 0.92 0.011 3.5 82.3 

The best model is indicated by writing it in bold 
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Specifically, on the R spectra, the PCA + ANN model showed excellent performance with R2 (0.84-

0.94) and RPD (2.5- 4.1) in the calibration stage, and R2 of approximately 0.83 to 0.92 and RPD of 

approximately 2.4 to 3.6 in the validation stage. The use of the PCA + ANN model, especially with the 

R spectra, yielded better results in predicting the N nutrient content compared to the MLR + ANN 

model. 

When viewed from the value of consistency in nitrogen nutrient estimation, all models, both MLR 

+ ANN and PCA + ANN for the R and A spectra, had consistency values above 80%, indicating that 

all models had relatively similar performance between the calibration and validation datasets. The 

high consistency of the PCA + ANN model indicates that it performs similarly for calibration and 

validation data. High consistency close to 100% indicates good generalization ability and reliability in 

nitrogen nutrient prediction for new data. Consistency was calculated using Equation (2). 

Previous studies on predicting soil nitrogen content using NIR spectroscopy have shown varying 

degrees of success with different wavelength ranges and multivariate methods. Barthès et al. (2019), 

using the range of 1100-2498 nm with the PLS method, obtained an R² value of 0.77 and an RPD of 

2.10. Munawar et al., (2020) used the range of 1000-2500 nm with PCR and PLS methods, resulting in 

R² values of 0.85 and 0.87 and RPD of 2.0 and 3.5. Pudełko and Chodak (2020) applied various methods 

to the 1000-2500 nm range and obtained R² values between 0.89 and 0.93. Reda et al., (2019) with a 

range of 1100-2500 nm and the PLS method, achieved an R² value of 0.80 and an RPD of 2.77, and 

using BPNN, BVE-BPNN, and ELM, getting an R² value of up to 0.94 and an RPD of up to 4.91. Ng et 

al. (2020) using the 1300-2600 nm range with the Cubist model, resulted in an R² value of 0.52. In this 

study, which uses ANN and input R spectra from selection using the loading value in PCA, although 

it only uses seven wavelength variables as ANN input, the results show improved accuracy with 

higher r, R², RMSE, and RPD values of 0.97, 0.94, 0.009, and 4.1 for calibration, and 0.96, 0.92, 0.011, 

and 3.6, respectively, for validation. 

3.1.2 Phosphorus 

Phosphorus in soil is present in inorganic forms, including various phosphate compounds such as 

calcium (fluorapatite, hydroxyapatite, trisodium phosphate, octacalcium phosphate, dicalcium 

phosphate, and phosphate of potassium dihydrate), iron (strengite), and aluminum (variscite, 

potassium taranacite, and berlinite), as well as in the form of H2PO4 − and HPO42 − ions. Organic forms 

of P in soil include inositol phosphate, nucleic acids, phospholipids, phosphoproteins, and metabolic 

phosphates (Havlin et al., 2017). According to Ng et al. (2020), the potential P content in Indonesia 

ranges from 0.28 to 129.58 mg/100 g soil (0.00028-0.1296%), while in this study, it varied between 0.01% 

and 0.36%. 
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The P content was also low, leading to minimal absorbance from the ionic bonds associated with 

P, making it difficult to observe the wavelength peak. The relationship between the NIR wavelength 

and P content was examined using the MLR equation. PCA was used to determine the main 

wavelength with the largest variation in data. 

Some of the NIR wavelengths with the largest contributions to the MLR model and principal 

components are listed in Table 3. These wavelengths were used as ANN input data. The MLR model 

using R spectra produces 7 wavelengths with an r value of 0.78 while using A spectra produces the 

same wavelengths (7 wavelengths) and an r value of 0.79 (Firdaus et al., 2024).  

Table 3. Selected Wavelengths for Phosphorus Nutrients Using MLR and PCA. 

Selection 

Model 
Spectra r 

Wavelengths (nm) 

1 2 3 4 5 6 7 

MLR R 0.78 1838 1411 1417 1821 1900 1393 1416 

  A 0.79 1838 1411 1417 1821 1898 1866 1903 

PCA R - 1716 

PC1 

1908 

PC3 

2051 

PC2 

2208 

PC3 

1416 

PC3 

1380 

PC1 

- 

  A - 1908 

PC3 

1838 

PC4 

1871 

PC4 

2076 

PC2 

1612 

PC2 

2404 

PC4 

2386 

PC1 

The PCA model using R spectra obtained six wavelengths: two wavelengths in PC1, one 

wavelength in PC2, and three wavelengths in PC3. Meanwhile, the PCA model with spectra A 

produced more wavelengths (seven wavelengths), consisting of one wavelength in PC1 and PC3, two 

wavelengths in PC2, and four wavelengths in PC4. 

Based on Table 4, it can be observed that in the calibration stage, the MLR + ANN model shows a 

high R2 value above 0.90, indicating that the model can explain the variation in the data well. However, 

the PCA + ANN model with R-spectra performed better, with an R2 value close to 0.99. In addition, 

the low RMSE of the PCA + ANN model indicated the accuracy of the prediction of the model 

concerning the actual data. Furthermore, in the validation stage, both the MLR + ANN and PCA + 

ANN models showed good performance with high R2 values and low RMSE. However, the PCA + 

ANN model tended to provide more consistent results than the MLR + ANN model, especially when 

using the R spectra. 

In addition, the RPD value can be seen, which is an indicator of the accuracy of the prediction of 

the actual value. The higher the RPD value, the better the model performance. In this case, the PCA + 

ANN model with R-spectra generally provided a high RPD value, indicating its prediction accuracy. 

The RPD is calculated based on equation (1) 

Thus, the PCA + ANN model using R spectra performed very well in determining the P nutrient 

concentrations. Although the MLR + ANN model also provided satisfactory results, the PCA + ANN 
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model showed more advantages, particularly in terms of performance and prediction accuracy for 

new data. 

Table 4. Performance of ANN in Determining Phosphorus Nutrients Based on Wavelength Selection 

Model. 

Selection 

Model 
Spectra 

Number 

of 

Inputs 

Nodes in 

Hidden 

Layer 

Calibration Validation 
Consistency 

(%)  r R2 
RMSE 

(%) 

RP

D 
r R2 

RMSE 

(%) 
RPD 

MLR+ANN R 7 2 0.95 0.91 0.022 3.20 0.92 0.84 0.028 2.3 78.6 
 A 7 2 0.95 0.90 0.023 3.10 0.92 0.85 0.027 2.4 85.2 

PCA+ANN R 4 10 0.99 0.98 0.011 7.0 0.99 0.97 0.011 6.1 100.2 

  5 6 0.99 0.98 0.010 6.9 0.99 0.98 0.010 6.6 96.2 

  6 6 0.99 0.98 0.009 7.9 0.99 0.98 0.011 7.0 80.3 

 A 4 5 0.91 0.82 0.028 2.4 0.90 0.82 0.031 2.3 90.8 

  5 6 0.98 0.96 0.014 5.0 0.98 0.96 0.016 4.8 82.1 

  6 6 0.99 0.97 0.011 6.2 0.98 0.97 0.013 5.6 81.4 

  7 6 0.98 0.97 0.013 5.5 0.98 0.96 0.014 5.2 89.1 

The best model is indicated by writing it in bold 

When viewed from the consistency value in phosphorus nutrient estimation, all models show a 

consistency value above 80%, which means that the model has a relatively similar performance 

between the calibration and validation datasets, except for MLR + ANN on reflectance spectra, which 

has a consistency below 80%. The high consistency in the PCA + ANN model is especially evident in 

the reflectance with four input wavelengths, which reached 100.2%.  This shows that the model has a 

100% similar performance between the calibration and validation data. 

Previous research on estimating soil phosphorus content using NIR spectroscopy technology has 

shown varying degrees of success with different methods and wavelength ranges. Munawar et al., 

2020 using PCR and PLS methods (1000-2500 nm) produced R² values of 0.93 and 0.99 with RPD values 

of 3.86 and 5.41, respectively. In contrast, Ng et al. (2020) used the cubist model and second-order 

polynomial SG pretreatment, and SNV (1300-2600) resulted in a lower R² value of 0.47. The current 

study used ANN and input R spectra from selection using loading values in PCA; although using 

only six wavelength variables as ANN input, this study achieved the best performance with r, R², 

RMSE, and RPD values for calibration of 0.99, 0.98, 0.009, and 7.9, and 0.99, 0.98, 0.011, and 7.0, 

respectively. These results show higher performance compared to previous studies, mainly because 

of the use of ANN, which is better able to capture the complex and nonlinear relationship between 

NIR spectra and soil phosphorus content, as well as the selection of relevant variables through PCA. 
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3.1.3 Potassium 

Potassium in soil exists in the form of ions in soil moisture, exchangeable K bound to soil colloids, 

and non-exchangeable K, which is slowly available to plants. K can also be found in soil minerals such 

as feldspar groups (orthoclase, microcline), mica groups (muscovite, biotite), granitic rocks (feldspar, 

mica, and quartz), and secondary minerals (clay/mica hydrate, vermiculite, and chlorite). Mineral soils 

generally contain K in the range of 0.05-3% (Havlin et al., 2017). According to Ng et al. (2020), the 

potential K content in Indonesia ranges from 0.43 to 166.09 mg/100 g soil (0.00043-0.1661%), while in 

this study, it varied between 0.01% and 0.39%. The K content was also low, resulting in minimal 

absorbance from the ionic bonds associated with K, making it difficult to observe the wave peaks. The 

relationship between NIR wavelengths and K content was examined using the MLR equation, in 

addition to determining the main wavelength that had the largest variation in the data using PCA. 

Some of the NIR wavelengths with the largest contributions to the MLR model and the principal 

components are listed in Table 5. These wavelengths were used as input data for the ANN. The MLR 

model using R spectra produces 6 wavelengths with an r value against K of 0.90 while using A spectra 

produces fewer wavelengths (4 wavelengths) and an r value of 0.90 (Firdaus et al., 2024). The PCA 

model using the R spectra obtained eight wavelengths consisting of two wavelengths in PC1 and three 

wavelengths each in PC2 and PC3. Meanwhile, the PCA model with spectra A produces fewer 

wavelengths (six wavelengths), consisting of one wavelength in PC1, PC2, and PC3, and three 

wavelengths in PC4. 

Table 5. Selected Wavelengths for Potassium Nutrients Using MLR and PCA. 

Selection 

Model 
Spectra r 

Wavelengths (nm) 

1 2 3 4 5 6 7 8 

MLR R 0.90 1907 1922 1000 1013 1911 1096 - - 

  A 0.90 1907 1922 1911 1000 - - - - 

PCA R  1908 

PC3 

2051 

PC2 

1416 

PC3 

1380 

PC1 

1601 

PC2 

2260 

PC2 

2208 

PC3 

2326 

PC1 

  A  1838 

PC4 

2386 

PC1 

1908 

PC3 

2404 

PC4 

1612 

PC2 

1871 

PC4 

- - 

Based on the calibration results in Table 6, the PCA + ANN model with the R and A spectra showed 

superior performance compared to the MLR+ANN model. The PCA + ANN model with R spectra 

achieved the highest r value of 1, with an R² of 0.99, RMSE of 0.012%, and RPD of 10.1. The model also 

maintained high performance in the validation phase, with r and R² values of 0.99, RMSE of 0.015%, 

and RPD remained high. The model showed high reliability for the prediction of K levels. 

For the MLR + ANN model, both the R and A spectra performed well, but not as well as for the 

PCA + ANN model. and R² values reached 0.98 and 0.96 with RMSE of 0.022% and 0.025% and RPD 
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of 5.3 and 4.8 in calibration. This performance decreased slightly in validation, with r and R² values of 

0.97 and 0.95, and RMSE of 0.028% and 0.03%, respectively 

Table 6. Performance of ANN in Determining Potassium Nutrients Based on Wavelength Selection 

Model. 

Selection 

Model 
Spectra 

Number 

of 

Inputs 

Nodes 

in 

Hidden 

Layer 

Calibration Validation 

Consistency 

(%)  r R2 
RMSE 

(%) 
RPD r R2 

RMSE 

(%) 
RPD 

MLR+ANN R 6 5 0.98 0.96 0.022 5.3 0.97 0.95 0.028 4.4 78.6 
 A 4 3 0.98 0.96 0.025 4.8 0.97 0.95 0.030 4.2 83.3 

PCA+ANN R 5 4 0.97 0.94 0.030 3.9 0.96 0.93 0.035 3.7 85.7 
  6 2 0.98 0.95 0.026 4.7 0.97 0.95 0.027 4.5 92.9 
  7 8 0.99 0.98 0.015 8.0 0.99 0.98 0.017 7.5 89.2 
  8 6 1.00 0.99 0.012 10.1 0.99 0.98 0.015 7.2 80.7 
 A 4 5 0.97 0.95 0.026 4.5 0.97 0.95 0.031 4.3 85.5 
  5 5 0.99 0.98 0.018 6.5 0.99 0.98 0.021 6.3 88.0 
  6 8 0.99 0.99 0.012 9.7 0.99 0.99 0.014 9.5 86.7 

The best model is indicated by writing it in bold 

Model consistency in potassium nutrient estimation showed that all models showed consistency 

values above 80%, which means that the models have relatively similar performance between the 

calibration and validation datasets. Except for MLR + ANN on reflectance spectra, which had a 

consistency below 80% (78.6 %). The highest consistency was found in the PCA + PLS model, reaching 

92.9%. 

Previous research on estimating soil potassium content using NIR spectroscopy technology has 

shown a variety of different results. Munawar et al. (2020) used multivariate PCR and PLS methods 

in the range of 1000 - 2500 nm, resulting in R² values of 0.88 and 0.90 respectively with RPD values of 

2.04 and 2.68. Tang et al., (2020) used a range of 1250 - 2500 nm, resulting in an R² value of 0.29 and an 

RMSE of 0.53. Tang et al., (2020) also used the 900 - 1700 nm range, resulting in an R² value of 0.19 and 

an RMSE of 0.58. The current study uses an ANN with R spectral input, which is selected using the 

loading value in PCA. Despite using only eight wavelength variables as ANN inputs, the results 

showed the best performance, with r, R², RMSE, and RPD values for calibration of 1.0, 0.99, 0.012, and 

10.1, and for validation of 0.99, 0.98, 0.015, and 7.2. The high performance of this study compared to 

previous studies can be attributed to the use of ANN, which is more effective in capturing the complex 

and nonlinear relationship between NIR spectra and soil potassium content, and the selection of 

relevant variables through PCA. 

The best predicted values of the calibration model for N, P, and K can be seen in Figure 3. 
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Figure 3. The Best Calibration and Validation for Nutrients: (a) Nitrogen, (b) Phosphorus, (c) 

Potassium 

(c) 

(a) 

(b) 
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Overall, the PCA + ANN model with R spectra performed best in calibration and validation, with 

the highest r and R² values, as well as the optimal RMSE and RPD values, and showed high accuracy 

and reliability. PCA can select the wavelength with the greatest variation from each principal 

component using the loading value that peaks on the curve. These highly variable wavelengths can 

have a linear or nonlinear relationship with nutrient values, whereas the MLR method only has a 

linear relationship between the NIR spectra and nutrient values. ANN models with wavelength inputs 

using the PCA selection method have become stronger in predicting nutrient values because they can 

accommodate linear and nonlinear relationships with nutrients. The ANN method, which uses the 

wavelength input from the selection using the MLR method, obtains only linear input data. 

The results of the analysis also show that the use of R spectra provides a higher predictive value 

than the use of A spectra. This is because the R spectra are more linear than the A spectra for soil 

nutrient values. The log(1/R) transformation in spectra A changes the linearity of spectra R to soil 

nutrient content in a nonlinear direction in spectra A. Small changes in reflectance values correspond 

to or are linear with changes in NPK composition. In spectra A, the changes became smaller and less 

linear with changes in the soil NPK composition. 

Strong predictive values based on the results of the analysis were K, P, and N. This was influenced 

by the variation in nutrient data, as indicated by the coefficient of variation. The largest coefficient of 

variation of nutrients in the sample was K = 112.4%, P = 96.3%, and N = 22.9%. A larger coefficient of 

variation indicated that the data variation was over a wider range, thus accommodating more nutrient 

values in the construction of the calibration model. 

 

4. Conclusion 

The PCA + ANN model with R spectra demonstrated superior results for N estimation, exhibiting 

an RPD range of 2.4-4.8, compared to the MLR + ANN model, which had an RPD range of 2.2-2.6. The 

PCA + ANN model utilized 5-9 wavelengths, whereas the MLR + ANN model required 9-12 

wavelengths. In the P estimation, the PCA + ANN model with R spectra outperformed MLR + ANN 

with an RPD range of 2.3-7.0 compared to 2.3-2.4. The PCA + ANN model used 4-7 wavelengths, 

whereas MLR + ANN required seven wavelengths. For K estimation, the PCA + ANN model with R 

spectra showed better performance, with an RPD range of 4.3-9.5, compared to MLR + ANN, which 

had an RPD range of 4.2-4.4. The PCA + ANN model utilized 4-8 wavelengths, whereas the MLR + 

ANN utilized 4-6 wavelengths. The ANN model, which incorporated R spectra and wavelengths from 

the loading values in the PCA, exhibited the highest performance and employed the fewest 

wavelengths. Thus, it is recommended as a valuable alternative method for estimating N, P, and K in 

paddy soils using NIRS waves.  
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