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Abstract

Precise determination of available nitrogen (N), phosphorus (P) and potassium (K) concentrations in soil
is essential for orchard fertilizer management. However, conventional chemical analytical methods are
time-consuming and costly, making it difficult to meet the demand for rapid detection in modern
agriculture. Near-infrared spectroscopy (NIRS) is a promising approach for rapidly detecting soil
nutrient concentrations. This study aims to develop inversion models, including partial least squares
regression (PLSR), support vector machine (SVM), and random forest (RF), to accurately determine the
concentrations of available N, P, and K in soil using NIRS. To mitigate spectral interference and
enhance prediction performance of inversion models. we systematically implemented multiple
preprocessing methods including Savitzky-Golay smoothing (SG), multiplicative scatter correction
(MSC), standard normal variate transformation (SNV), moving average (MA) and first-derivative
transformation (FD). The results indicated that the RF model achieved superior predictive accuracy
compared to the PLSR and SVR, with prediction performance for available N being R*=0.539,
RMSE=21.408 mg/kg, and RPD=1.490; for available P, R*=0.536, RMSE=25.056 mg/kg, and
RPD=1.484; and for available P, R?=0.429, RMSE=42.452 mg/kg, and RPD=1.338. Compared with the
spectral data without preprocessing, the performance of RF model improved by 8.53%, 3.17%, and
0.47% for the R? values for available N, P, and K, respectively. The comparison of the preprocessing
methods in combination with the RF model revealed that MSC had the best model accuracy for the
available N (R?=0.585, RMSE=20.326 mg/kg, RPD=1.569), SG had the best model accuracy for the
available P (R?>=0.553, RMSE=24.585 mg/kg, RPD=1.513), and MA had the best model accuracy for the
available K (R?=0.431, RMSE=42.383 mg/kg, RPD=1.340). It is noteworthy that the model accuracy is
worst for the available K, possibly due to its inherently weaker spectral response characteristics and
lower signal-to-noise ratio. This study shows that NIR spectroscopy using appropriate preprocessing
methods and regression models can accurately predict soil nutrient concentrations, supporting precision
fertilization management in orchard production systems.
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1 Introduction

Soil constitutes the fundamental resource underpinning agricultural production systems, with its
physicochemical properties directly influencing crop developmental processes, yield performance and
nutritional quality parameters [7]. Contemporary demographic expansion coupled with accelerated
urbanization processes has intensified both quantitative and qualitative pressures on China's arable land
resources, thereby rendering the preservation of the 1.8 billion mu (approximately 120 million hectares)
agricultural land baseline critical for national food security and ecological stability maintenance
[13].However, the sustained application of excessive chemical fertilizers has precipitated a cascade of
soil degradation processes, including nutrient imbalances, structural deterioration, and environmental
contamination pathways that collectively compromise soil integrity and ecosystem functionality [6].
Consequently, the development of rapid, accurate, and cost-effective soil nutrient assessment
methodologies has emerged as a fundamental requirement for implementing precision fertilization
strategies and establishing sustainable soil management frameworks [1].

Nitrogen (N), phosphorus (P), and potassium (K) constitute essential macronutrients that determine
soil fertility status and crop productivity potential, functioning respectively to promote vegetative
growth, root system development, and plant stress tolerance mechanisms [12]. Conventional analytical
methodologies for soil nutrient determination, including Kjeldahl nitrogen analysis, molybdenum-
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antimony colorimetric phosphorus detection, and flame photometric potassium measurement while
providing high analytical accuracy, are characterized by procedural complexity, prolonged analytical
timeframes, and substantial operational costs. These limitations prevent such methods from meeting the
high-throughput analytical demands of modern precision agricultural systems [8].Near-infrared
spectroscopy (NIRS) technology has emerged as a promising complementary analytical approach to
traditional methodologies, distinguished by its capacity for rapid, simultaneous, multi-parameter analysis
[10]. Operating within the 780-2526 nm spectral range, NIRS enables the quantification of soil chemical
components through characteristic molecular absorption patterns, thereby significantly reducing
analytical time and associated costs. This technology demonstrates particular suitability for applications
requiring extensive spatial coverage and high temporal resolution, addressing critical limitations of
conventional soil analysis methods [14].In the domain of soil nitrogen inversion methodologies, Zheng
et al. (2005) demonstrated that integrating NIRS with partial least squares regression (PLSR) for soil
nitrogen prediction resulted in R? values ranging from 0.86 to 0.92. Shao et al. (2011) applied least
squares support vector machine (LS-SVM) models in Zhejiang Province, China, achieving R? values of
0.90. Liu et al. (2013) enhanced methodology by using Monte Carlo uninformative variable elimination
(MC-UVE) with PLSR for critical wavelength selection, resulting in a validation correlation coefficient
of 0.84.Regarding soil phosphorus inversion research trajectories, Maleki et al. (2006) used visible and
near-infrared spectroscopy to develop calibration models for predicting soil phosphorus content based
on spectral signatures. They applied Partial Least Squares Regression (PLSR) to create predictive
models for soil phosphorus quantification within both spectral domains. The validation showed R?
values of 0.75 and 0.73, respectively. Jia et al. (2015) expanded this research by investigating available
phosphorus prediction using near-infrared spectroscopy (NIRS) and recursive partial least squares
regression (PLSR), exploring correlations between phosphorus content and spectral features. Their
framework achieved an R? of 0.85 and an RMSE of 0.14 mg/kg. This approach is useful for both
laboratory and field-based rapid phosphorus content prediction, supporting precise phosphorus
management and automated fertilization.

Research on near-infrared spectroscopic soil potassium inversion has primarily focused on optimizing
preprocessing techniques and modeling algorithms. Jin et al. (2020) compared 29 preprocessing methods
and found that combining Savitzky-Golay smoothing, standard normal variate transformation and
detrending techniques significantly improved model stability. Their study showed that AdaBoost models
achieved R? values of 0.945 for low-concentration potassium prediction, while Gradient Boosting
Regression Trees (GBRT) reached R? values of 0.947 for high-concentration potassium. Endut et al.
(2023) developed potassium content prediction models using NIR data, achieving an outstanding R? of
0.9998 with RMSE of 0.0600, showcasing exceptional predictive accuracy for soil potassium
quantification. Kone et al. (2018) used VIS-NIR spectroscopy on 877 soil samples from Mali to predict
exchangeable potassium content. Their results showed that PLSR models (R>=0.57) outperformed PCR
models (R?>=0.50), indicating that while VIS-NIR spectroscopy with multivariate statistical methods can
estimate soil potassium, there is still room for improving predictive accuracy.

This study focuses on orchard soils, using near-infrared spectroscopy with various preprocessing
techniques to develop optimized models for quantifying available N, P, and K content. This integrated
approach aims to offer strong technical support for precise fertilization and sustainable soil management
in modern agriculture.

2 Methods

2.1  Sample Collection

The investigation took place in a 1,100-hectare orchard located at the southeastern end of Haizhu
District, Guangzhou (113°18'45"E, 23°03'55"N), with sandy, clay and loam soil predominantly planted
with Litchi chinensis Sonn, Dimocarpus longan Lour and Averrhoa carambola L. The research area has
a subtropical monsoon climate, with a mean annual temperature of 20°C and an average annual
precipitation of 1,500 mm.In September 2023 (Fig. 1), a stratified sampling grid based on remote
sensing imagery was established, consisting of 67 sampling locations (39 in the central orchard and 28 in
peripheral regions). Each location, depending on its spatial characteristics, yielded 1-2 soil samples
through a five-point cross-sampling method, resulting in the collection of 89 samples from the 0-20 cm
soil layer: 27 from Litchi zones, 49 from Dimocarpus zones, and 13 from Averrhoa zones. Each sample
weighed approximately 500 g.The collected soil samples underwent a standardized preparation process:
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air-drying under controlled conditions, manual removal of contaminants, thermal treatment at 45°C for
30 minutes, pulverization with agate mortars to minimize contamination and filtration through 2 mm
nylon mesh to ensure uniformity. Each processed sample was split into two 50 g subsamples, one for
chemical analysis and the other for near-infrared spectroscopic analysis. This multidisciplinary approach
enabled a comprehensive pedological characterization of the orchard ecosystem while ensuring
consistency to establish robust spectroscopic-chemical correlations within the complex soil-plant-
atmosphere continuum.

113°18'5" %

113°18'10" % 13°18'15" %

23°4'40" 1k
23°4'40" 1k

23°435"k

1131854 13°18'10" & 13°18'15" 4

Fig. 1. Geographical location map of the study area

2.2 Spectral Data Acquisition

After filtration through a 2 mm nylon mesh, 5 g aliquots were extracted from each of the 89 soil
samples, homogenized through mechanical agitation, and compressed using a ZS-24T hydraulic press
under controlled pressure conditions (15 MPa) to create uniformly dimensioned soil tablets (25 mm
diameter, 5.0-5.5 mm thickness) with optimized surface planarity for spectroscopic analysis. Near-
infrared spectral acquisition was performed using a Specim FX17 hyperspectral imaging system
(Specim Ltd., Finland), as shown in Fig. 2. The system has a spectral range of 935-1720 nm with an
optical resolution of 8 nm, covering 224 spectral bands. It is equipped with a 50 W halogen illumination
source and a motorized positioning platform for optimal spatial registration. To minimize systematic
errors, the spectroscopic apparatus underwent a 30-minute thermal equilibration before use, reducing
baseline drift. This was followed by rigorous radiometric calibration using standardized black and white
reference panels, along with optimization of scanning velocity and integration time to maximize signal-
to-noise ratio. Each sample was scanned twice (obverse and reverse orientations), generating a dataset of
178 spectral signatures. The signatures were processed in the ENVI remote sensing analysis
environment, where circular regions of interest (ROI) with precise dimensions (18 mm diameter) were
extracted from each image to eliminate peripheral artifacts, establishing a robust spectroscopic
foundation for subsequent multivariate analysis of soil nutrient-spectral correlations.

Fig. 2. Data acquisition process of near-infrared spectrometer
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The spectral dataset of 178 soil samples was divided using a stratified random allocation method in a
7:3 ratio, creating a calibration cohort (n=124) for model development and an independent validation
cohort (n=54) for performance assessment. The partitioning method used a computationally-optimized
stochastic sampling algorithm to ensure proper representation across the multivariate landscape,
maintaining statistical homogeneity between cohorts while preserving pedological variability essential
for model generalization. This rigorous partitioning procedure supported the development of
spectroscopic prediction frameworks with better transferability across varied soil conditions, reducing
spatial autocorrelation confounders and ensuring a valid foundation for comprehensive model evaluation
which is critical for assessing the efficiency of hyperspectral methods in complex agronomic systems
with significant spatial and temporal variability.

2.3 Spectral Data Thethods

Systematic noise artifacts, primarily in the peripheral spectral regions, led to the exclusion of edge-
effect wavelength bands (935-956 nm and 1698-1720 nm) from the analytical framework, leaving 210
significant bands in the optimized range (956-1700 nm) for multivariate modelling. So as to improve
spectroscopic signal quality and enhance nutrient-specific feature extraction in the complex soil matrix,
this study conducted a comparative analysis of five spectral preprocessing methods, each chosen for its
mathematical properties and proven ability to reduce spectral interference while amplifying
chemometric signatures related to soil nutrients in the near-infrared spectrum. The integration of these
preprocessing algorithms allowed for the systematic separation of overlapping spectral signatures,
providing an optimized foundation for chemometric models that quantify the spatiotemporal dynamics
of available nutrients in heterogeneous orchard soils with diverse biogeochemical characteristics:

Savitzky-Golay smoothing (SG)

The Savitzky-Golay (SG) preprocessing method represents a local polynomial least-squares fitting
method for spectral smoothing, in which the spectral continuum was filtered using high-order
polynomial regression within predefined sliding windows. SG effectively attenuates stochastic noise
components while preserving critical inflection and absorption points contained in the original spectral
architecture. SG can be formalized by a convolution operation,

O= - (+) ()

where, () represents the value after SG smoothing, () is the original spectral value at the i-th
band of the preprocessed spectrum, is the coefficient of the j-th term in the polynomial fit within the
window size of 2m + 1. The polynomial order was set to 3 and the window size was set to 9 for SG
method employed in this paper.

Multiplicative Scatter Correction (MSC)

Multiplicative scatter correction (MSC) is a transformative mathematical framework that establishes a
linear regression relationship between the individual spectrum and the referenced spectrum, effectively
attenuating heterogeneous scattering phenomena caused by granulometric variations, surface
microtopography and other physical matrix parameters that introduce non-chemical variance into the
spectrum. The formula for MSC preprocessing is as follows,

msc( ) = 0 2

where, , represent the coefficients obtained by regression of the preprocessed spectrum from the

reference spectrum. The reference spectrum is usually the mean spectrum of the entire spectral dataset,

ref = : -1 , Is the total number of samples, psc( ) is the value processed by MSC.

Standard Normal Variate transformation (SNV)

By calculating the mean and standard deviation of each spectrum, the multiplicative effects caused by
factors such as particle size distribution and surface scattering between samples are eliminated,
improving the comparability of spectra between different samples. The formula for SNV preprocessing
is as follows,

snwi( ) = SOl (€))
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where, is the mean of all bands of x, s is the standard deviation of the spectrum, m is the total
number of spectral bands, () is the value processed by SNV.

Moving Average (MA)

The moving average preprocessing performs averaging smoothing over the original spectrum,
effectively suppressing high-frequency stochastic noise components while improving the signal stability.
MA is beneficial for spectral data that exhibits significant fluctuation patterns. The formula for MA is as
follows,

MA():l

L O )

2

where, is the size of the sliding window (usually odd), () is the average within the sliding
window of the spectrum. In this paper, the size of the sliding window n is set to 5.

First Derivative (FD)

The first derivative transformation calculates the slope variations between neighboring points along
the spectrum. This effectively emphasizes the peak-valley characteristics within the spectrum, while
eliminating baseline drift influence and improving the detection capabilities for subtle absorption
features. The formula for FD is as follows,

()= (+1)— () (5)

where, gp( ) is the value resulting from the difference between the neighboring band values of the
processed spectrum.

2.4  Modeling methods

Random Forest (RF)

Random Forest (RF) is an advanced ensemble learning method that builds multiple decision trees and
integrates their predictions, significantly improving model robustness and stability across various soil
types. In soil nutrient inversion, RF excels at non-linear modelling, capturing the complex relationships
between hyperspectral data and nutrient concentration gradients in diverse soil environments. This
framework uses bootstrap aggregation (bagging) and stochastic feature selection, randomizing both
training data and spectral variables during tree construction to reduce overfitting in high-dimensional
spectroscopic datasets. The RF algorithm can effectively model complex variable interactions in
hyperspectral data with high dimensionality, without requiring assumptions about data normality or
homoscedasticity. Additionally, the ensemble structure is robust to spectral artifacts and outliers due to
its averaging mechanism, providing a reliable framework for soil nutrient quantification that overcomes
the limitations of traditional parametric methods.

Partial Least Squares Regression (PLSR)

Partial Least Squares Regression (PLSR) is a multivariate statistical method that combines principal
component analysis for dimensionality reduction with multivariate linear regression for prediction. It is
particularly effective for analyzing high-dimensional datasets with significant multicollinearity among
predictors. In soil spectroscopic analysis, PLSR projects hyperspectral data into a latent variable space,
extracting spectral features that are most strongly correlated with nutrient concentrations. This
transformation enhances the covariance between the spectroscopic data and nutrient vectors, addressing
multicollinearity between adjacent wavelength bands while reducing model complexity through efficient
compression of the spectral data. By integrating multivariate statistics and chemometric theory, PLSR
offers a powerful framework that bridges spectroscopy, soil science, and statistical learning.

Support Vector Machine (SVM)

The Support Vector Machine (SVM) methodology is grounded in statistical learning theory and
structural risk minimization, using optimized hyperplanes in multidimensional feature spaces to perform
regression tasks. In soil nutrient inversion processes, SVM applies kernel transformations that project
spectroscopic data into high-dimensional feature spaces, converting non-linear spectral-nutrient
relationships into linear structures for analysis. This approach optimizes classification boundaries
through support vector optimization, showing strong adaptability to high-dimensional datasets with
limited observations. By calibrating penalty parameters (C) and kernel function coefficients, SVM
achieves an optimal balance between model complexity and generalization, ensuring robustness against
spectral artifacts and anomalies common in pedological spectroscopic datasets.
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Figure 3 illustrates the comprehensive methodological framework of this investigation, outlining the
research workflow from soil sample acquisition and nutrient quantification to spectral data collection,
preprocessing optimization, feature extraction, and model construction. This methodological framework
provides a structured foundation for near-infrared spectroscopic inversion of soil nutrient parameters,
integrating classical pedology, spectroscopic techniques, and advanced machine learning.

Soil sampling in the study area
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Fig. 3. Technical roadmap

2.5 Model Evaluation Methods

Regression coefficient of determination (R?), root mean square error (RMSE) and relative prediction
deviation (RPD) were employed as evaluative metrics for analytical assessment of modelling outcomes
and validation efficiency. R? quantifies the model's explanatory capacity, RMSE measures the
magnitude of deviation between predicted and observed values, while RPD provides further evaluation
of predictive precision. The computational formulations are expressed as:

(-
P (6)

(-

=1
1
= |- (= )2 @)
=1
=— ®)
where, represent the predicted and measured values, respectively, of the i-th sample. The

mean of the measured values is denoted as , n represents the total number of samples, and SD is the
standard deviation of the measured values. The correlation coefficient of the samples was also calculated.
When the RPD exceeds 2.0, it indicates that the model possesses good predictive capability. When the
RPD ranges between 1.4 and 2.0, it suggests that the model demonstrates acceptable predictive
performance, although further improvement remains necessary. When the RPD falls below 1.4, it
indicates that the model cannot effectively perform prediction tasks.
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3 Results and Analysis

3.1  Statistical Analysis of Soil Nutrient Content

Spectral data were used to independently implement RF, SVM, and PLSR models for the inversion
of available N, P, and K. As shown in Table 2, for available nitrogen content reconstruction, RF models
demonstrated superior performance in the testing set with R?=0.539, RMSE=21.408 mg/kg, and
RPD=1.490, followed by SVM (R?=0.589, RMSE=20.216 mg/kg, RPD=1.578) and PLSR (R?>=0.451,
RMSE=23.365 mg/kg, RPD=1.365).For available phosphorus content prediction (Table 3), RF models
again achieved the highest accuracy with R?>=0.536, RMSE=25.056 mg/kg, and RPD=1.484 in the
testing set, while SVM showed moderate performance (R?>=0.405, RMSE=28.380 mg/kg, RPD=1.311)
and PLSR exhibited the lowest accuracy (R*=0.188, RMSE=33.137 mg/kg, RPD=1.122).Similarly, for
available potassium content estimation (Table 4), RF models maintained their superior performance with
R>=0.429, RMSE=42.452 mg/kg, and RPD=1.338 in the testing set, outperforming SVM (R*=0.307,
RMSE=46.768 mg/kg, RPD=1.215) and PLSR (R>=0.198, RMSE=50.299 mg/kg, RPD=1.129).These
results consistently demonstrate that RF models excel at capturing non-linear relationships in
spectroscopic data while maintaining robust performance despite noise interference. Although SVMs
generally perform well with high-dimensional, limited-observation datasets, their underperformance in
this study may be attributed to suboptimal kernel function parameter selection. As a linear approach,
PLSR showed consistently lower predictive accuracy across all three nutrients, likely due to the complex
non-linear soil-spectral relationships inherent in this system. These findings align with Zhou et al.
(2020), who demonstrated that ensemble learning methods generally outperform traditional regression
approaches in handling complex spectroscopic datasets.

Table 1. Descriptive statistics of soil nutrients

Maximum | Minimum | Mean | Median Standard Deviation Coefficient of Variation
mg/kg mg/kg | mgke | mgkg mg/kg
Available N 198.20 19.40 75.99 69.00 34.56 45.48%
Available P 243.50 25.60 83.02 59.30 42.61 51.33%
Available K 378.00 46.90 278.46 | 288.70 70.37 25.27%

3.2 Spectral Curve Characteristic Analysis

Reflectance spectra of soil samples within the near-infrared domain (956-1716 nm) showed dynamic
variations from 0.15 to 0.35, characterized by notable fluctuations and systematic trends (Ben-Dor et al.,
2015). In the 900-1200 nm spectral region, reflectance increased gradually from 0.15 to 0.20, most
likely due to reduced soil moisture content and enhanced light scattering from iron oxides and other
minerals. The 1200-1400 nm interval showed increased spectral fluctuations, with a prominent
absorption feature around 1400 nm, where reflectance dropped to 0.17. This decrease is mainly due to
the strong absorption of OH groups and H.O molecules in soil moisture, possibly enhanced by bound
water in clay minerals like kaolinite or montmorillonite (Hillel et al., 2005). After the 1400 nm
absorption feature, reflectance quickly increased to over 0.30 as wavelengths moved beyond the strong
water absorption band, and scattering dominated again (as shown in Fig. 4(a)). These spectral features
form the basis for analyzing soil moisture, mineral composition, and particle characteristics, laying the
foundation for soil nutrient inversion methods using near-infrared data acquisition.
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Comparative Analysis of Preprocessed Spectral Curves

This section presents a comparative analysis of the effects of various preprocessing methods that is:
SG, MSC, SNV, MA, and FD on soil near-infrared spectral signatures. These methods enhance spectral
signal quality by suppressing noise, correcting scatter, or enhancing features, thereby providing a more
reliable data foundation for the inversion modeling of nitrogen (N), phosphorus (P), and potassium (K).
The following analysis systematically examines the spectral characteristics of each preprocessing
method and their differential effects on nutrient-relevant absorption bands.Fig. 4(b) demonstrates that
SG preprocessing generates substantially smoothed spectral signatures while preserving and enhancing
the characteristic water absorption feature at approximately 1400 nm, effectively highlighting the
spectral signals associated with OH functional groups and clay minerals within the soil matrix.Fig.
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4(c)illustrates that MSC preprocessing effectively mitigates scattering effects, substantially accentuating
the chemical compositional information within the 1400-1700 nm spectral domain and enhancing the
comparative analysis of available nitrogen-associated spectral features.Fig. 4(d)demonstrates that SNV
preprocessing substantially reduces spectral amplitude fluctuations across the complete wavelength
domain, effectively standardizing the water and mineral absorption features within the 1200-1400 nm
region while accentuating nutrient-relevant spectral signals.Fig. 4(e) shows that MA preprocessing
effectively suppresses high-frequency noise components, substantially enhancing the smoothness of the
absorption feature at approximately 1400 nm and accentuating the subtle spectral response
characteristics associated with available potassium.Fig. 4(f)illustrates that FD preprocessing
substantially amplifies peak-valley characteristics at approximately 1400 nm and 1600 nm, effectively
highlighting subtle absorption variations associated with soil moisture and organic matter components,
although potentially introducing noise artifacts.

The five preprocessing methods demonstrate distinct optimization effects on spectral signatures: SG
and MA effectively suppress noise, enhancing water and nutrient absorption features around 1400 nm;
MSC and SNV improve chemical compositional analysis in the 1400-1700 nm range through scatter
correction and standardization; FD amplifies peak-valley characteristics but may introduce noise
artifacts, limiting its applicability. These preprocessing effects form the basis for enhancing random
forest (RF) model performance, especially in improving the prediction accuracy of available N and P.
Future studies may explore combinatorial preprocessing approaches to better capture the subtle spectral
response related to available K.

3.4  Comparative Analysis of Inversion Models

Spectral data were used to independently implement RF, SVM, and PLSR models for the inversion of
available N, P, and K. As shown in Table 2, RF models consistently outperformed both SVM and PLSR.
Without preprocessing, RF models showed superior performance metrics for available N (R?=0.539,
RMSE=21.408 mg/kg, RPD=1.490), available P (R?>=0.536, RMSE=25.056 mg/kg, RPD=1.484), and
available K (R?=0.429, RMSE=42.452 mg/kg, RPD=1.338). These results confirm that RF models excel
at capturing non-linear relationships in spectroscopic data while maintaining strong performance despite
noise. Although SVMs generally perform well with high-dimensional, limited-observation datasets, their
underperformance here may be due to suboptimal kernel function parameter selection. As a linear
approach, PLSR showed lower predictive accuracy, likely due to the complex non-linear soil-spectral
relationships in this system. These findings align with Zhou et al. (2020), who showed that ensemble
learning methods generally outperform traditional regression approaches in handling complex
spectroscopic datasets.

Table 2. Reconstruction results of soil available nitrogen content using three models

Model Training Set Testing Set
R? RMSE(mg/kg) RPD R? RMSE(mg) RPD
SVM 0.698 18.205 1.825 0.589 20.216 1.578
PLSR 0.480 23.891 1.391 0.451 23.365 1.365
RF 0.728 17.295 1.921 0.539 21.408 1.490

Table 3. Reconstruction results of soil available phosphorus content using three models

Model Training Set Testing Set
R? RMSE(mg/kg) RPD R? RMSE(mg) RPD
SVM 0.513 27.679 1.437 0.405 28.380 1.311
PLSR 0.392 30.923 1.286 0.188 33.137 1.122
RF 0.751 19.803 2.008 0.536 25.056 1.484

Table 4. Reconstruction results of soil available potassium content using three models

Model Training Set Testing Set
R? RMSE(mg/kg) RPD R? RMSE(mg/kg) RPD
SVM 0.259 48.988 1.165 0.307 46.768 1.215
PLSR 0431 42.941 1.329 0.198 50.299 1.129
RF 0.648 33.740 1.691 0.429 42.452 1.338
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3.5 Impact of Preprocessing Methods on Model Performance

To eliminate spectral noise and other distortions, MSC, SG, MA, FD, and SNV preprocessing
methods were applied to the spectral dataset, followed by the independent construction of inversion
models for available nitrogen (N), phosphorus (P), and potassium (K) using the random forest (RF)
algorithm. The comparative evaluation results for the preprocessing methods are presented in Table 3.
MSC preprocessing yielded optimal performance for predicting available N, with metrics of R>=0.585,
RMSE=20.326 mg/kg, and RPD=1.569, outperforming other methods and unprocessed models (R?
improvement of 0.02-0.05, RMSE reduction of about 5%). SG smoothing achieved optimal performance
for predicting available P, with metrics of R*=0.553, RMSE=24.585 mg/kg, and RPD=1.513. MA
preprocessing showed optimal performance for predicting available K, with metrics of R>=0.431,
RMSE=42.383 mg/kg, and RPD=1.340. FD preprocessing consistently underperformed in all nutrient
prediction models (available N: R?>=0.398, RMSE=24.468 mg/kg; available P: R>=0.323, RMSE=30.261
mg/kg; available K: R?>=0.381, RMSE=44.178 mg/kg).

The results show that suitable preprocessing methods significantly improve model prediction
accuracy. MSC enhances available N prediction by correcting scatter interference, consistent with Luo et
al. (2019); SG smoothing optimization improves available P prediction, indicating its spectral response
is particularly vulnerable to noise; and MA enhances available K prediction by effectively suppressing
random noise. The suboptimal performance of FD preprocessing likely results from first-derivative
operations amplifying noise artifacts and reducing signal-to-noise ratios. Optimal preprocessing methods
vary across nutrient elements: MSC performs best for available N, SG for available P, and MA for
available K. This differentiation reflects the diverse states and spectral response mechanisms of nutrient
elements in soil matrices. Compared to unprocessed modelling approaches, preprocessing improved R2
values by 0.02-0.05 and reduced RMSE by about 5%. Although these improvements are modest, they
can lead to significant economic and environmental benefits in precise agriculture. This study highlights
the complexity of soil nutrient spectral responses and the importance of optimizing preprocessing
methods. Future research should consider: 1) extending the spectral range into visible and mid-infrared
regions to capture signals for available P and K; 2) expanding sample size to improve model
generalization; and 3) exploring combined preprocessing approaches to optimize inversion accuracy.

Table 5. Comparison results of several pretreatment methods of different models of available potassium

N P K
RMSE R? RPD RMSE R? RPD RMSE R? RPD
SG 21.480 0.539 1.489 24.585 0.553 1.513 42.916 0.416 1.323

MSC 20.326 0.585 1.569 29.592 0.353 1.257 42.619 0.424 1.333

SNV 22.872 0.474 1.394 29.955 0.337 1.242 43.757 0.393 1.298

MA 21.8 0.522 1.463 24.66 0.55 1.508 42.383 0.431 1.34
FD 24.468 0.398 1.303 30.261 0.323 1.229 44.178 0.381 1.286
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Fig. 5. Residual prediction of available soil nitrogen using a random forest model
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Fig. 6. Residual prediction of available soil phosphorus using a random forest model

Fig. 7. Residual diagram of random forest model prediction for soil available potassium

4 Conclusions

This study focused on orchard systems in Haizhu District, Guangzhou, using NIRS technology to
analyze the near-infrared spectral signatures of soil samples for available nitrogen (N), phosphorus (P),
and potassium (K), while constructing optimized inversion models. Results showed that RF-constructed
inversion models outperformed SVM and PLSR methods in predictive accuracy, with available nitrogen
(N) parameters of R>=0.539, RMSE=21.408 mg/kg, RPD=1.490; available phosphorus (P) parameters of
R?=0.536, RMSE=25.056 mg/kg, RPD=1.484; and available potassium (K) parameters of R?=0.429,
RMSE=42.452 mg/kg, RPD=1.338. A comparative analysis of SG, MSC, SNV, MA, and FD
preprocessing methods revealed that MSC preprocessing performed best for available N prediction
(R?=0.585, RMSE=20.326 mg/kg, RPD=1.569), SG preprocessing excelled in available P prediction
(R?=0.553, RMSE=24.585 mg/kg, RPD=1.513) and MA preprocessing showed the highest performance
for available K prediction (R>=0.431, RMSE=42.383 mg/kg, RPD=1.340). In conclusion, NIRS-based
inversion modeling exhibited the highest accuracy for available N, followed by available P, while
available K showed comparatively lower accuracy.

This study confirms the effectiveness of integrating NIRS with RF and optimized preprocessing
methods for soil nutrient inversion, significantly supporting precision fertilization in orchard systems.
However, the reduced predictive accuracy for available K may be due to its weak spectral response and
limitations in laboratory data acquisition. Future research could focus on extending spectral bandwidth,
implementing field measurements, integrating deep learning methods and developing portable devices to
enhance the application of NIRS in precision agriculture.
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