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Abstract

Demand for rapid and cost-effective soil analysis has increased the use of spectroscopy,
particularly in the visible–near-infrared (Vis–NIR) and mid-infrared (MIR) regions. Using
8304 soil samples from the United States Department of Agriculture spectral library, this
study evaluated the effects of raw and preprocessed spectra on the prediction accuracy
of eleven key soil properties across Vis–NIR and MIR regions using multiple machine
learning algorithms. Spectral preprocessing, combining baseline correction and standard
normal variate transformation, consistently improved prediction accuracy compared to
the raw spectra. Overall, MIR-based models consistently outperformed Vis–NIR across all
soil properties, with the largest performance gains observed for potassium, bulk density,
and nitrate nitrogen. Among the machine learning approaches evaluated, artificial neural
networks and categorical boosting algorithms provided the strongest and most consistent
predictive performance across both spectral regions. These findings demonstrate that com-
bining appropriate spectral preprocessing, spectral region selection, and advanced machine
learning algorithms can substantially improve soil property prediction using spectroscopy.

Keywords: machine learning; mid-infrared spectroscopy; soil properties; soil spectroscopy;
spectral preprocessing; sustainable agriculture; visible–near-infrared spectroscopy

1. Introduction
Diffuse reflectance spectroscopy has become an increasingly important tool for soil

analysis, offering a rapid and cost-efficient alternative to traditional laboratory methods [1,2].
Its capacity to predict a wide range of soil chemical and physical properties makes it
valuable for large-scale soil monitoring and precision agriculture [3]. Soil spectroscopy
commonly utilizes two spectral regions: visible–near-infrared (Vis–NIR) and mid-infrared
(MIR). Mid-infrared spectroscopy provides strong diagnostic signals due to fundamental
vibrational absorptions, whereas Vis–NIR spectroscopy is widely used in field applications
because of its portability and ease of deployment [4,5].

Despite these advantages, unprocessed spectral data (hereafter referred to as raw
spectra) often contain baseline shifts, scattering effects, and instrument-specific noise, which
can compromise model accuracy [6–8]. To address these challenges, spectral preprocessing
techniques such as baseline correction and standard normal variate transformation are
commonly applied to enhance the extraction of relevant spectral features [9].

Although spectral preprocessing is widely adopted in the literature, systematic compar-
isons between raw and preprocessed spectra across different spectral regions and machine
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learning algorithms, particularly for a diverse set of soil properties, remain limited [10]. To
address this gap, this study compared the prediction accuracy of raw and preprocessed
Vis-NIR and MIR spectra using eight machine learning algorithms to predict eleven key
soil properties. A subset of samples from a large, standardized soil spectral library was
used in this study to ensure consistency and robustness in model evaluation.

The objectives of this work are to identify which soil properties benefit most from spec-
tral preprocessing, determine the most effective spectral region, and assess which machine
learning algorithms provide the most consistent and reliable predictions. Accordingly,
this study aims to support the development of large-scale, cost-effective soil assessment
approaches that are relevant for precision agriculture and soil health monitoring initiatives.

2. Materials and Methods
A schematic overview of the methodological workflow is provided in Figure 1, il-

lustrating the main stages of the study, including soil spectral data selection, spectral
preprocessing, machine learning model training, and soil property prediction. Figure 1a
shows the workflow using raw spectral data, while Figure 1b presents the workflow for
preprocessed spectral data.

Figure 1. Schematic representation of the modeling workflows used in this study for raw and
preprocessed visible–near-infrared (Vis–NIR) and mid-infrared (MIR) spectra. Panel (a) illustrates
the workflow using raw spectra, in which a subset of the United States Department of Agriculture–
Natural Resources Conservation Service–National Soil Survey Center–Kellogg Soil Survey Laboratory
soil spectral library (KSSL, n = 8304) was randomly split into training (70%) and testing (30%)
subsets prior to machine learning algorithm training and soil property prediction. Panel (b) presents
the workflow for preprocessed spectra, where baseline correction and standard normal variate
transformation were applied before the same train–test split and model training.

2.1. KSSL Dataset

The United States Department of Agriculture–Natural Resources Conservation Service–
National Soil Survey Center–Kellogg Soil Survey Laboratory (KSSL) maintains a large soil
spectral library that includes both Vis–NIR and MIR spectra, representing diverse soil types,
depths, and properties across the United States [11,12]. From this library, a subset of 8304
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soil samples with spectra available in both the Vis–NIR and MIR regions was selected for
this study. These samples included laboratory reference measurements of organic carbon,
total carbon, total nitrogen, cation exchange capacity, clay, sand, total sulfur, pH, potassium,
bulk density, and nitrate nitrogen.

Soil spectra were acquired following standardized KSSL protocols [13]. All soil sam-
ples were air-dried and ground to pass a 2 mm sieve prior to spectral measurement. Visible–
near-infrared spectra were acquired in diffuse reflectance mode using an ASD LabSpec 2500
spectrometer equipped with a MugLight accessory (Analytical Spectral Devices, Boulder,
CO, USA), covering wavelengths from 350 to 2500 nm at 1 nm intervals. Each spectrum
represents the average of 100 internal scans, and background measurements using a white
reference were performed at regular intervals [14,15]. For MIR spectral acquisition, ground
soil samples were further fine-ground to <0.18 mm and analyzed using a Bruker Vertex
70 Fourier-transform infrared spectrometer equipped with a high-throughput screening
(HTS-XT) accessory (Bruker Optics Inc., Ettlingen, Germany). Mid-infrared spectra were
collected over the wavenumber range of 4000–350 cm−1 at a spectral resolution of 4 cm−1

using 32 co-added scans per sample. Samples were prepared in standardized 96-well
microplates prior to measurement, and background measurements using a gold reference
were performed for each soil sample [12,16,17].

2.2. Spectral Preprocessing

Two spectral preprocessing techniques—baseline correction and standard normal
variate transformation—were applied to the KSSL dataset (Figure 1b). Baseline correction
was used to remove background offsets and baseline drift in the spectra, while standard
normal variate transformation was applied to reduce scattering effects and normalize spec-
tral intensity differences among samples. These methods were evaluated in combination,
and the performance of raw spectra was retained as a reference for comparison. Detailed
descriptions of the baseline correction and standard normal variate transformation are
provided in [18] and [19], respectively.

2.3. Machine Learning Algorithms

As shown in Figure 1, the KSSL dataset (n = 8304) was randomly split into training
(70%) and testing (30%) subsets. The same train–test split was applied across all algorithms
to ensure fair comparison. Model hyperparameters were optimized using grid search and
algorithm-specific tuning procedures. Eight machine learning algorithms were evaluated in
this study, including ridge regression (Ridge), artificial neural network (ANN), categorical
boosting (CatBoost), k-nearest neighbors (KNN), least absolute shrinkage and selection
operator (LASSO), elastic net regression (ElasticNet), random forest (RF), and partial least
squares regression (PLSR). Model performance was assessed using R2, root mean square
error, bias, and ratio of performance to interquartile distance. For concision, only R2 results
are presented in the main text, with all additional performance metrics are provided in
Table S1. All analyses were conducted using Python (version 3.13.9) libraries [20].

3. Results
3.1. Soil Property Distributions

The distributions of the eleven soil properties used in this study are shown in Figure 2.
All properties exhibited wide variability across the dataset, reflecting the range of soils
represented in the KSSL dataset. With the exception of pH, most properties displayed long
upper tails, indicating skewed distributions. Soil pH values span a broad range from acidic
to moderately alkaline conditions. Organic carbon, total carbon, total nitrogen, total sulfur,
and nitrate nitrogen exhibited similar right-skewed distribution patterns. In contrast, cation
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exchange capacity, clay, sand, potassium, and bulk density showed comparable but less
strongly right-skewed distribution trends.

Figure 2. Distribution of 11 laboratory-measured soil properties in a subset of the United States
Department of Agriculture–Natural Resources Conservation Service–National Soil Survey Center–
Kellogg Soil Survey Laboratory soil spectral library (KSSL, n = 8304). Boxplots represent organic
carbon (OC), total carbon (TC), total nitrogen (TN), cation exchange capacity (CEC), clay, sand, total
sulfur (TS), pH, potassium (K), bulk density (BD), and nitrate nitrogen (NO3−–N). Boxes represent the
interquartile range (IQR), center lines indicate medians, points indicate mean, and whiskers extend
to 1.5 × IQR. Outliers are not shown.

3.2. Spectral Variations

Spectral variations for both raw and preprocessed Vis–NIR and MIR datasets are
illustrated in Figure 3. The raw Vis–NIR spectra (Figure 3a) exhibit strong scattering and
baseline shifts, which mask subtle reflectance features across the wavelength range. After
applying baseline correction and standard normal variate transformation, these distortions
were substantially reduced, revealing clearer and more interpretable spectral characteristics
(Figure 3c). In contrast, the MIR spectra displayed distinct absorption peaks in both
raw (Figure 3e) and processed (Figure 3g) forms, reflecting the strong vibrational signals
associated with fundamental molecular bonds. Preprocessing in the MIR region primarily
reduced spectral spread by minimizing noise and sample-to-sample variability. The median
and interquartile range plots (Figure 3b,d,f,h) confirm that preprocessing decreases spectral
variability across both regions, with the most pronounced improvements observed in
Vis–NIR, where baseline effects were inherently stronger.

3.3. Model Performance

Across all machine learning algorithms and preprocessing conditions, MIR consistently
outperformed Vis–NIR in predicting soil properties, yielding higher and more stable R2

values. Figure 4 summarizes the predictive performance of all models based exclusively on
validation using the independent test dataset. Under raw and preprocessed conditions, MIR
models achieved strong predictive accuracy for most soil properties (R2 > 0.80), particularly
for organic carbon, total carbon, total nitrogen, cation exchange capacity, clay, sand, total
sulfur, and pH (Figure 4c,d). Preprocessing further enhanced MIR performance, especially
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for soil properties that were less predictable using raw MIR spectra. For example, potassium
improved from 0.59 to 0.74 using ANN, bulk density improved from 0.53 to 0.59 using
ANN, and nitrate nitrogen increased from 0.56 to 0.68 using LASSO.

Figure 3. Raw and visible–near-infrared (Vis–NIR) and mid-infrared (MIR) spectra for a subset of
the United States Department of Agriculture–Natural Resources Conservation Service–National Soil
Survey Center–Kellogg Soil Survey Laboratory soil spectral library (KSSL, n = 8304). The left column
shows the full set of spectral curves, while the right column presents the corresponding summary
statistics, including the median spectrum and interquartile range (IQR; 25th–75th percentile). Panels
(a) and (e) display the raw Vis–NIR reflectance and MIR absorbance spectra, respectively, and panels
(c,g) show spectra after baseline correction and standard normal variate transformation. Panels
(b,d,f,h) illustrate the median spectral profiles with their associated IQR bands.
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Figure 4. Comparison of predictive performance for soil properties using Vis–NIR and MIR spectral
data under raw and preprocessed (combination of baseline correction and standard normal variate
transformation) conditions. Panels (a) and (b) present Vis–NIR results for raw and preprocessed,
respectively, while panels (c,d) present MIR results under the same conditions. Each heatmap
shows the coefficient of determination (R2) for eight machine learning algorithms: ridge regression
(Ridge), artificial neural network (ANN), categorical boosting (CatBoost), k-nearest neighbors (KNN),
least absolute shrinkage and selection operator (LASSO), elastic net regression, random forest (RF),
and partial least squares regression (PLSR). Predictions were evaluated across eleven soil properties:
organic carbon (OC), total carbon (TC), total nitrogen (TN), cation exchange capacity (CEC), clay, sand,
total sulfur (TS), pH, potassium (K), bulk density (BD), and nitrate nitrogen (NO3

−–N). Higher R2

values (dark blue background) indicate better predictive performance. The y-axis lists soil properties,
and the x-axis lists machine learning algorithms. All results are based on predictions from the
independent test dataset.

In contrast, Vis–NIR exhibited greater variability across soil properties and models.
High accuracy (R2 > 0.80) was obtained for organic carbon, total carbon, total nitrogen, and
total sulfur under both raw and preprocessed conditions (Figure 4a,b). Other soil properties
showed moderate but meaningful R2 improvements following preprocessing. For example,
cation exchange capacity increased from 0.70 to 0.79 using ANN), clay improved from 0.63
to 0.74 using ANN, sand improved from 0.50 to 0.66 using ANN, and pH improved from
0.57 to 0.73 using CatBoost. Despite these enhancements, Vis–NIR continued to yield lower
accuracy for potassium, bulk density, and nitrate nitrogen (R2 < 0.60).

Among the machine learning algorithms, ANN and CatBoost were the most con-
sistent and highest-performing algorithms in the MIR region across all soil properties
(except nitrate nitrogen). In the Vis–NIR region, Ridge, ANN, CatBoost, and PLSR pro-
duced the highest but most variable performances, depending on the soil property and
preprocessing condition.
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4. Discussion
The wide variability observed across the eleven soil properties reflects the broad range

of soil types and conditions represented in the KSSL dataset [2,12,16]. The right-skewed
distributions observed for most properties indicate that lower to moderate values are more
common, with fewer samples exhibiting high concentrations or extreme values. Similar
right-skewed distribution patterns for organic carbon, total carbon, total nitrogen, total
sulfur, and nitrate nitrogen are consistent with their close association with soil organic
matter and nutrient pools, which often occur at relatively low levels across large geographic
datasets [21]. Soil pH exhibited a broad range from acidic to moderately alkaline conditions,
indicating substantial heterogeneity in soil chemical environments across the dataset. The
contrasting distributions of clay and sand content highlight the diversity of soil textures
in the dataset and help explain differences in properties such as cation exchange capacity,
which is typically higher in finer-textured soils [22]. This variability provides a strong
fundamental foundation for developing and generalizable prediction models [23,24].

Results from this study clearly showed that spectral preprocessing—specifically base-
line correction combined with standard normal variate transformation —plays a critical
role in improving soil property prediction accuracy, particularly within the Vis–NIR region
where scattering, illumination differences, and baseline shifts are more pronounced [25].
Preprocessing effectively reduced spectral noise, minimizing baseline variation, and en-
hanced the clarity of diagnostic features in both spectral domains (Figure 3). These improve-
ments translate into more stable modeling performance. Although MIR spectra already
show strong, well-defined absorptions due to fundamental molecular vibrations [26,27],
preprocessing still led to notable accuracy gains for certain chemical properties such as
potassium, bulk density, and nitrate nitrogen. This indicated that even high-quality MIR sig-
nals benefit from normalization and noise reduction, which help reveal subtle but important
spectral features. In contrast, Vis–NIR continued to showed weaker predictive performance
for potassium, bulk density, and nitrate nitrogen despite improvements with preprocessing,
suggesting inherently lower spectral sensitivity in this region for these properties [28]. Nev-
ertheless, preprocessing substantially reduced spectral variability and improved performance
for several properties, supporting its necessity for Vis–NIR applications.

The strong and consistent performance of ANN and CatBoost across both spectral
regions highlighted the importance of flexible, nonlinear machine learning algorithms in soil
spectroscopy. These algorithms are capable of capturing complex, nonlinear relationships
between spectral data and soil properties that traditional linear regression algorithms
often fail to represent [29,30]. Their superior R2 values and lower prediction errors further
emphasized the advantages of modern nonlinear machine learning approaches. Consistent
with these findings, previous studies have reported improved prediction accuracy for
organic carbon, pH, and clay using ANN compared to PLSR [31], while CatBoost has been
shown to outperform RF in predicting clay content [32].

Overall, the findings reinforced that MIR spectroscopy—particularly when combined
with baseline correction and standard normal variate transformation and coupled with
ANN or CatBoost machine learning algorithms—provides the most accurate and reliable
predictions across a broad range of soil properties. However, Vis–NIR spectroscopy remains
advantageous for portable and field-based applications, especially when appropriate spec-
tral preprocessing and machine learning algorithms are applied. Collectively, these results
emphasize the importance of integrating effective spectral preprocessing, informed spectral
region selection, and advanced machine learning approaches to improve the robustness
and generalizability of soil spectroscopy workflows across diverse soil conditions.
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5. Conclusions
This study demonstrated that applying spectral preprocessing substantially improved

the predictive reliability of both Vis–NIR and MIR spectra. Although several soil proper-
ties, including organic carbon, total carbon, total nitrogen, and total sulfur, were already
predicted with high accuracy using raw spectra, preprocessing further enhanced model
stability and interpretability. However, given the wide range of preprocessing techniques
reported in the literature, such improvements are not universal; therefore, preprocessing
methods should be done carefully, considering the spectral characteristics and the soil
properties of interest.

With respect to spectral region, MIR consistently outperformed Vis–NIR for every
soil property, reflecting its stronger fundamental absorptions and higher sensitivity to
soil chemical and physical properties. Across all machine learning algorithms, ANN and
CatBoost emerged as the most reliable and highest-performing approaches across spectral
regions and preprocessing conditions.

Overall, this study demonstrates that integrating appropriate spectral preprocessing,
informed spectral region selection, and advanced machine learning algorithms significantly
enhances the accuracy, robustness, and generalizability of soil property predictions using
spectroscopy. These findings support the development of scalable and cost-effective soil
assessment workflows and highlight their relevance for precision agriculture and soil health
monitoring across diverse soil conditions.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/blsf2025054021/s1, Table S1: Comparison of predictive perfor-
mance for soil properties using visible and near-infrared (Vis–NIR) and mid-infrared (MIR) spectral
data under raw and preprocessed (combination of baseline correction and standard normal variate
transformation) conditions. Model performance is reported for eight machine learning algorithms:
partial least squares regression (PLSR), random forest (RF), artificial neural network (ANN), categori-
cal boosting (CatBoost), k-nearest neighbors (KNN), ridge regression (Ridge), least absolute shrinkage
and selection operator (LASSO), and elastic net regression (Elastic Net). Performance metrics include
root mean square error (RMSE), coefficient of determination (R2), mean prediction bias (Bias), and
ratio of performance to interquartile distance (RPIQ). A subset of the United States Department
of Agriculture–Natural Resources Conservation Service–National Soil Survey Center–Kellogg Soil
Survey Laboratory soil spectral library (KSSL; n = 8304) was randomly split into training (70%) and
testing (30%) subsets for to model development and soil property prediction.
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Vis–NIR Visible–near-infrared
MIR Mid-infrared
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A subset of the United States Department of Agriculture–Natural
Resources Conservation Service–National Soil Survey Center–Kellogg
Soil Survey Laboratory soil spectral library

Ridge Ridge regression
ANN Artificial neural network
CatBoost Categorical boosting
KNN k-Nearest neighbors
LASSO Least absolute shrinkage and selection operator
ElasticNet Elastic net regression
RF Random forest
PLSR Partial least squares regression
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