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Highlights 

What are the main findings? 

• Vis-NIR spectroscopy combined with machine learning reliably predicts stable soil 
properties (pH, organic matter, texture) and nitrogen recommendations, but per-
forms poorly for mobile nutrients such as phosphorus, potassium, and sodium. 

• Differences between agroecosystems (Andean highlands vs. central rainforest) are 
larger than discrepancies between observed and predicted values, highlighting the 
dominant role of ecological context in soil management and the limitations of relying 
solely on statistical metrics for fertilizer recommendations. 

What is the implication of the main finding? 

• Vis-NIR spectroscopy can be reliably applied for rapid assessment of stable soil prop-
erties and for supporting nitrogen management, but caution is needed when estimat-
ing mobile nutrients or deriving fertilizer recommendations directly. 

• Agronomic decision-making frameworks should incorporate ecosystem-specific con-
text and validation steps to avoid misleading recommendations based solely on sta-
tistical prediction metrics. 

Abstract 

This study evaluated the use of visible and near-infrared (Vis-NIR) spectroscopy com-
bined with machine learning (ML) algorithms to predict soil fertility-related properties in 
two contrasting agroecological regions of Peru: the Highlands and the Rainforest. A total 
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of 297 soil samples were analyzed using portable spectroradiometers covering a spectral 
range of 350–2500 nm, applying transformations such as Savitzky–Golay smoothing, first 
derivative, and band depth. Predictive models were developed using PLSR, Random For-
est, Support Vector Machines, and neural networks. Results show variable predictive per-
formance across soil properties and ecosystems. Organic matter in Highland soils and cal-
cium in Rainforest soils achieved the strongest test-set accuracy (R2 > 0.70), while pH and 
texture fractions showed moderate performance (R2 = 0.42–0.67), and mobile nutrients in-
cluding phosphorus, potassium, and sodium showed limited predictive accuracy due to 
their weak spectral expression. Spectral predictions were further integrated into a struc-
tured nutrient balance framework to assess agronomic reliability. Nitrogen fertilizer rec-
ommendations showed the strongest agreement between observed and predicted values 
across both ecosystems, whereas K2O and CaO recommendations in Highland soils were 
substantially underestimated, demonstrating that property-level statistical performance 
does not guarantee agronomic reliability. These findings confirm that Vis-NIR spectros-
copy combined with ML represents a fast, cost-effective, and sustainable alternative to 
conventional soil analysis, especially in rural areas with limited laboratory infrastructure. 
Expanding regional calibration datasets and exploring mid-infrared FTIR spectroscopy as 
a complementary technology are identified as priority directions for improving predic-
tions of agronomically critical nutrients. 

Keywords: Vis-NIR spectroscopy; machine learning; Andean highlands; rainforest;  
soil fertility; prediction models; fertilizer recommendations; precision agriculture 
 

1. Introduction 
Soil is a fundamental resource for agricultural production and global food security, 

as its capacity to support crop growth is directly linked to its fertility [1]. Fertility plays a 
crucial role in creating optimal conditions for healthy plant development and is essential 
for ensuring efficient and sustainable agricultural production [2,3]. Without proper fertil-
ity management, soils can progressively degrade, losing their ability to sustain agricul-
tural systems over the long term. 

In the highlands and the Peruvian rainforest, soil management faces particular chal-
lenges. In the highlands, steep slopes, accelerated erosion, shallow soil profiles, and acidic 
or organic matter-poor soils pose serious constraints to agricultural productivity [4]. 
Meanwhile, rainforest soils, despite their rich biological diversity, typically exhibit low 
natural fertility, high acidity, and rapid nutrient mineralization, which complicates sus-
tained agriculture without external inputs [5]. In both regions, local farmers need to fre-
quently monitor key soil properties such as pH, texture, cation exchange capacity (CEC), 
and available nutrients, including phosphorus (P), potassium (K), calcium (Ca), magne-
sium (Mg), and sodium (Na), all of which are vital for crop productivity. 

Traditional soil analysis methods, although accurate, present important limitations. 
Conventional laboratory methods often require chemical reagents, sophisticated equip-
ment, and protocols that are costly and time-consuming [6]. Likewise, in areas with diffi-
cult access, long transport times from the field to the laboratory may become an additional 
constraint for the timely evaluation of samples [7]. Likewise, advanced techniques such 
as electron microscopy or gamma-ray spectrometry, while effective, demand expensive 
equipment and specialized personnel, limiting their field applicability. 

In this context, visible and near-infrared (Vis-NIR) spectroscopy has emerged as an 
accessible and promising technological alternative for the rapid, non-destructive, and 
cost-effective estimation of certain soil properties [8]. This technique is based on the 
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interaction between radiation and the physical and chemical components of the soil, gen-
erating a spectral signature that can be correlated with conventional analytical data [9]. It 
has shown particularly strong performance in estimating soil solid-phase properties such 
as texture, organic carbon content, and moisture [10]. 

In Peru, visible and near-infrared spectroscopy (Vis-NIR) remains a little-known and 
rarely applied technology, particularly for extensive agricultural areas. Its implementa-
tion offers a strategic opportunity to improve agronomic decision-making, especially in 
regions with limited access to analytical infrastructure. According to Ahmadi et al. [8], 
Vis-NIR can accurately predict variables such as organic matter, clay content, and cation 
exchange capacity (CEC), which supports more efficient, real-time soil management. Fur-
thermore, this technology can be applied directly in the field using portable sensors, sim-
plifying data collection and enabling the generation of detailed soil variability maps for 
use in precision agriculture [11]. 

This simplifies data collection and supports the generation of high-resolution soil 
variability maps for use in precision agriculture. In vineyards of central and northwestern 
Spain, VIS–NIR–SWIR diffuse reflectance spectroscopy showed potential for soil charac-
terization in precision viticulture [12]. At the farm scale in São Paulo, Brazil, Vis-NIR spec-
troscopy was used for robust soil property mapping, including particle-size fractions and 
exchangeable calcium, and made it possible to reduce the need for conventional chemical 
analyses while maintaining a given level of mapping accuracy [13]. 

Vis-NIR also presents a more environmentally sustainable alternative to conven-
tional analysis methods, as it is non-destructive and chemical-free. It reduces the use of 
reagents and minimizes waste generation, which is particularly beneficial in degraded or 
resource-limited areas [12]. Moreover, incorporating broader spectral regions, such as 
shortwave infrared (SWIR, 1300–2500 nm), has been shown to improve predictions of clay 
minerals and carbonates, reducing RMSE by up to 25% compared with Vis-NIR alone [14]. 
This points to the potential of multispectral strategies for comprehensive soil characteri-
zation. 

However, Vis-NIR spectroscopy is more limited for the direct determination of plant-
available nutrients, as spectral soil sensors generally provide an indication rather than a 
direct measurement of nutrient availability, and only a few in-field methods currently al-
low direct determination of plant-available nutrients [15]. These variables tend to show 
inconsistent correlations with spectral data due to their high temporal and spatial varia-
bility, as well as the influence of moisture content or redox conditions [11]. 

Despite these constraints, recent advances in miniaturized and portable NIR spec-
troscopy have facilitated the transfer of this technology toward field applications. Recent 
studies indicate that spectrometers are becoming more portable and accessible, and that 
miniaturized, relatively inexpensive devices can support rapid and cost-effective soil as-
sessment [16]. 

These tools have demonstrated high repeatability and reproducibility, even under 
variable conditions, making them suitable for rapid diagnostics on smallholder farms, co-
operatives, or territories with limited access to laboratories. In the Peruvian context, this 
technology represents a strategic opportunity to bridge the gap in accessible and timely 
soil diagnostics, especially considering that the country has approximately 11.6 million 
hectares of agricultural land, much of it located in remote areas or regions with limited 
technical resources [17]. 

One of the main challenges for the practical application of Vis-NIR is the interpreta-
tion of spectral data, which typically requires advanced statistical processing. In this re-
gard, machine learning (ML) techniques have proven highly useful for extracting complex 
patterns and improving the prediction of soil properties [18]. Machine learning algorithms 
have been widely applied to predict soil properties from infrared spectra, and recent deep-
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learning approaches, such as convolutional neural networks, have further expanded the 
capacity to model soil spectral data [19]. The integration of Vis-NIR with ML has enabled 
significant advances not only in agriculture, but also in environmental monitoring and 
product quality assessment. For instance, it has been successfully applied to estimate 
heavy metals in soil [20] and to predict organic matter in ecologically complex environ-
ments [21]. Its potential has also been demonstrated in combination with other spectral or 
chemometric techniques, optimizing soil characterization in agropastoral landscapes and 
in horticultural products [22]. 

Nonetheless, the performance of Vis-NIR under field conditions still faces technical 
challenges. Factors such as soil moisture variability, mineralogical heterogeneity, and veg-
etation cover can affect spectral quality and model accuracy [23]. This is especially rele-
vant in megadiverse countries like Peru, where locally calibrated spectral libraries tailored 
to the main soil types of each agroecological region are essential. Currently, the limited 
availability of representative national-level spectral databases is a major obstacle to the 
effective transfer and application of spectral models developed in other geographic and 
edaphoclimatic contexts [24]. This gap restricts the capacity to adequately calibrate mod-
els to local conditions, affecting their accuracy and usefulness for soil characterization and 
monitoring [25]. 

Beyond the accurate estimation of soil fertility attributes, the practical value of Vis-
NIR spectroscopy lies in its ability to inform nutrient management decisions [26]. Trans-
lating predicted soil properties into fertilizer requirements enables the assessment of 
whether model-derived estimates preserve agronomic decision consistency under con-
trasting agroecological conditions. In this study, both laboratory-measured and spectrally 
predicted soil properties were integrated into a nutrient balance framework to estimate 
crop-specific fertilizer recommendations for Highland and Rainforest systems. By com-
paring fertilizer-equivalent nutrient supply derived from observed and predicted da-
tasets, we evaluate whether prediction uncertainty meaningfully alters final fertilizer 
doses. This approach links digital soil characterization to site-specific nutrient manage-
ment, providing a direct pathway from spectral modeling to agronomic application in 
smallholder production systems. 

Given this context, the present study aims to develop robust predictive models for 
fast prediction of soil fertility-related properties using laboratory-based Vis-NIR spectros-
copy on preprocessed soil samples, with emphasis on its applicability in highland and 
rainforest soils. Specifically, it seeks to establish optimal configurations for reliable field 
spectrum acquisition and to address the following key questions: 

(i) Which spectral features correlate with soil fertility-related and texture properties that 
are relevant to local farmers? 

(ii) What level of accuracy can different machine learning regression models achieve 
when estimating key soil fertility-related and texture properties from Vis-NIR spec-
tra? 

(iii) To what extent can spectrally predicted soil properties be reliably integrated into a 
nutrient balance framework to generate consistent fertilizer recommendations across 
contrasting agroecological regions? 

2. Materials and Methods 
Soil analyses and spectral measurements were carried out at the Santa Ana Agricul-

tural Experimental Station of the National Institute for Agrarian Innovation (INIA-Peru), 
located in the Mantaro Valley (75°13′17.60″W, 12°0′42.36″S), in the central highlands of 
Peru. This facility functioned as the central hub for the collection and analysis of 297 soil 
samples of topsoil (30 cm), obtained from three departments: Pasco, Junín, and Huan-
cavelica. Of these, 168 samples were collected from the highlands (Junín, Pasco and 



Remote Sens. 2026, 18, 1331 5 of 30 
 

https://doi.org/10.3390/rs18091331 

Huancavelica) and 129 from the central rainforest (Pasco). Figure 1 shows the spatial dis-
tribution of the samples by geographic origin. 

In the humid montane forest of Pasco, the soil sampling sites are located between 250 
and 1450 m a.s.l., within a tropical humid climate zone, with average annual temperatures 
around 23 °C and precipitation exceeding 2000 mm per year, exhibiting marked seasonal-
ity. The soils exhibit high textural variability, predominantly sandy clay loam (SaClLo), 
clay loam (ClLo), and sandy loam (SaLo), followed by loam-silt (LoSa) and loam (Lo) tex-
tures. These edaphoclimatic conditions, characteristic of the humid montane forest, favor 
the development of soils with good moisture retention capacity and moderate organic 
matter content [27,28]. 

In contrast, the highland sampling zones in Junín, Pasco and Huancavelica are situ-
ated between 3000 and 4500 m a.s.l., under a cold mountain climate, with average annual 
temperatures ranging from 4 to 12 °C, and annual rainfall between 700 and 1200 mm. In 
Junín, the samples span a gradient from the Mantaro Valley to highlands, with predomi-
nant silty loam (SiLo) and silty clay loam (SaClLo, SiClLo) textures, which are naturally 
fertile but show increasing acidity with elevation [29]. In Huancavelica, soils are predom-
inantly clay loam (ClLo), with low organic matter content and high susceptibilityto ero-
sion due to steep slopes and limited vegetation cover [30]. 

Soil taxonomic classification of the sampling zones was obtained from the Peruvian 
soils map (1:5,000,000) published by the National Institute of Natural Resources [31]. In 
the Highland zones, four soil type associations were identified across the 168 samples: 
Eutric Leptosol—Haplic Kastanozem (n = 85), Dystric Regosol—Dystric Cambisol (n = 44), 
Eutric Leptosol—Eutric Cambisol (n = 30), and Dystric Leptosol—Dystric Cambisol—Dys-
tric Regosol (n = 9). In the Rainforest zone, two soil type associations were identified across 
the 129 samples: Dystric Cambisol—Haplic Alisol (n = 120) and Eutric Leptosol—Eutric 
Cambisol—Eutric Regosol (n = 9). This diversity in soil taxonomic units is consistent with 
the wide gradients in elevation, climate, slope, texture, and organic matter content ob-
served across both agroecological regions. 
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Figure 1. Geographic distribution of the sampling sites in the central region of Peru. Shows the lo-
cation of collected soil samples categorized by texture classes (e.g., Cl, CILo, Lo), overlaid on an 
elevation gradient (in meters above sea level). 

2.1. Methodological Workflow for Spectral Soil Analysis 

Figure 2 shows the methodological workflow, encompassing soil sampling and la-
boratory analysis through the development and validation of predictive models (PLSR, 
RF, SVM, and NN) using 5-fold cross-validation, culminating in the generation of fertilizer 
recommendations. 

 

Figure 2. Methodological framework for soil property prediction using visible and near-infrared 
spectroscopy. 

2.2. Sampling Sites and Soil Laboratory Analyses 

Soil samples were collected using a targeted sampling strategy, focusing exclusively 
on active agricultural plots. In the Highland zones, sampling was conducted in potato 
plots and starch corn fields, the latter being commonly grown as a rotation crop with po-
tato in smallholder farming systems of the central Highlands [29]. In the Rainforest zone, 
samples were collected from coffee and cacao plantations, as well as yellow corn fields, 
which are typically cultivated as a primary pioneer crop prior to the establishment of per-
manent coffee and cacao plantations, and which continue to be grown in association with 
these crops by smallholder farmers [32]. This purposive approach was adopted because 
not all land within the study area is under agricultural use, and the objective was to 
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characterize soil fertility-related properties specifically within productive agricultural 
lands relevant to local farming systems. 

The chemical analysis of soil fertility was carried out at the Soil, Water and Foliar 
Analysis Laboratory (LABSAF) of the Santa Ana Experimental Station, INIA-Peru. Eleven 
parameters were analyzed: pH, electrical conductivity (EC), organic matter (OM), phos-
phorus (P) (Olsen method), potassium (K), calcium (Ca), magnesium (Mg), sodium (Na), 
and the percentages of sand, clay, and silt. The methods used included: the Walkley-Black 
method [33] for organic matter, the Olsen method for available phosphorus, ammonium 
acetate extraction for cation exchange capacity and exchangeable bases, and standard pro-
cedures for pH and EC. 

2.3. Soil Spectral Collection 

A total of 297 absolute soil reflectance measurements were conducted to characterize 
the optical properties of the samples. Prior to analysis, all samples were air-dried and 
sieved, then carefully placed into 15 cm diameter Petri dishes. Spectral measurements 
were performed using two spectroradiometers: the FieldSpec® HandHeld (Analytical 
Spectral Devices, Inc., Boulder, CO, USA) and the NeoSpectra Scanner (Si-Ware Systems, 
Cairo, Egypt). Technical specifications are showed in Table 1.  

The FieldSpec® HandHeld is a portable and lightweight instrument equipped with a 
512-channel photodiode array, covering the spectral range of 325 to 1075 nm. This model 
uses a fixed reflective holographic grating coupled to a 512-element silicon photodiode 
array detector. 

In contrast, the NeoSpectra Scanner operates in the 1350–2500 nm spectral range and 
employs a miniaturized MEMS-based Fourier Transform Near-Infrared (FT-NIR) interfer-
ometer. This device enables rapid and non-destructive spectral acquisition, with a typical 
resolution of 16 nm (FWHM at 1550 nm) and guaranteed signal-to-noise ratio (SNR) ex-
ceeding 170:1 across the spectral range. In addition, it features a sample holder that defines 
a sampling area approximately 10 mm in diameter. 

Table 1. Technical specifications of the spectroradiometers used for soil spectral measurements. 

Specification FieldSpec® HandHeld NeoSpectra Scanner 
Spectral Range (nm) 325–1075 1350–2500 (7400–4000 cm−1) 

Sampling Interval (nm) 1.5 - 
Spectral Resolution (FWHM) 3.5 @ 700 nm 16 nm @ 1550 nm 
Signal-to-Noise Ratio (SNR) - >170:1 (Typical: 2000:1 at λ = 2350 nm, 2 s scan time) 

Field of View/Sample Coverage 25° ~0.4 inch (~10 mm diameter) 

Preprocessed soil samples were transported to the laboratory facilities of the Santa 
Ana Agricultural Experimental Station (INIA-Peru) prior to spectral acquisition. Spectral 
measurements using the FieldSpec spectroradiometer were conducted outdoors between 
10:30 and 11:00 a.m. under direct sunlight. The sensor was positioned in the nadir direc-
tion relative to soil samples using a tripod, maintaining a fixed distance of 10 cm between 
the 1° FOV foreoptic and the soil sample surface. This configuration resulted in a meas-
urement footprint of 1.7 mm diameter. Each measurement was performed at 80% of the 
instrument’s radiometric resolution and consisted of at least five individual readings, 
which were averaged to obtain a single representative value. To calculate absolute reflec-
tance, radiance measurements were normalized against a white reference panel (Spectra-
lon, Labsphere Inc., North Sutton, NH, USA), known for its exceptional Lambertian re-
flectance properties. White reference readings were taken at 5-min intervals to minimize 
reflectance drift caused by variations in natural illumination. All radiance data were 
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processed using ViewSpec Pro v.6.2 software (Analytical Spectral Devices, Inc., Boulder, 
CO, USA) [34,35]. 

In the case of the NeoSpectra Scanner, measurements were conducted in parallel, by 
placing the device directly on the surface of the sample, without the need for a tripod or 
angular adjustments. The instrument operates in the 1350 to 2500 nm range using a min-
iaturized FT-NIR interferometer based on MEMS technology, and incorporates its own 
internal light source, making it independent of natural lighting conditions. Readings were 
processed through the manufacturer’s mobile application, and a sampling footprint of ap-
proximately 10 mm in diameter was used. 

In this study, we integrated spectral reflectance data from both instruments (Field-
Spec and NeoSpectra) to identify optimal wavelength regions for predicting soil proper-
ties. The data fusion approach resulted in a spectral gap between 1000–1350 nm due to the 
non-overlapping measurement ranges of the two devices [17,32]. 

2.4. Spectral Preprocessing 

Prior to model development, raw spectral reflectance data were subjected to three 
preprocessing transformations: Savitzky–Golay (SG) smoothing for noise reduction, first 
derivative (1D) transformation to enhance absorption features and remove baseline ef-
fects, and band depth (BD) transformation to normalize absorption intensities relative to 
a continuum baseline. Each transformation was applied independently across the full 
spectral range (350–2500 nm), and the best-performing input configuration for each soil 
property and ecosystem was selected based on cross-validation results. 

Spectral data processing was performed using the hsdar package (v0.5.1 ) [36] within 
the R statistical environment (R Core Team, v4.3). A Savitzky–Golay filter with a window 
size of 15 was applied to preserve spectral signal shape while effectively reducing noise 
and baseline drift, making it particularly suitable for hyperspectral data [37]. 

Six distinct datasets were compiled for soil property prediction. The first comprised 
the full-spectrum SG-filtered data. The second incorporated the first-order derivative of 
reflectance filtered using the SG method (1D), while the third contained band depth (BD) 
spectrum measurements. BD represents wavelength-specific radiation absorption inten-
sity relative to an estimated spectral continuum between adjacent wavelengths of the ab-
sorption feature [37]. The BD calculation involves comparative analysis between reflec-
tance at the absorption feature center and an interpolated line between its shoulders, uti-
lizing a continuum hull surrounding each SG spectrum, ensuring identification of discrete 
spectral features rather than consolidating them into broader features [38], as represented 
in Equation (1). 𝐵𝐷 = 𝑅𝑐 −  𝑅𝑏𝑅𝑐  (1)

where Rb represents the reflectance value of a specific spectral band, and 𝑅𝑐 denotes the 
reflectance of the corresponding spectral continuum. 

The remaining three datasets (4th to 6th) comprise normalized spectral indices de-
rived from each aforementioned spectral form. The fourth dataset incorporates indices 
calculated from the SG filter (I-SG), the fifth from the first-order derivative values, and the 
sixth from the band depth spectrum. These normalized indices were computed according 
to Equation (2). 𝐼𝑛𝑑𝑒𝑥 = ሺ𝑅𝑖 − 𝑅𝑗ሻሺ𝑅𝑖 + 𝑅𝑗ሻ (2)

where 𝑖 and 𝑗 ranged from 350 to 2500 nm, with 𝑖 ≠ 𝑗. 𝑅𝑖 and 𝑅𝑗 represent reflectance 
values at specific wavelengths obtained from either the SG smoothed spectrum depending 
on the dataset. 
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2.5. Variable Selection Method 

For machine learning models, feature selection was carried out using the Successive 
Projections Algorithm (SPA), a forward variable selection method that identifies optimal, 
non-redundant reflectance values by projecting individual bands onto orthogonal spaces 
and selecting those with the highest vector magnitudes. To enhance computational effi-
ciency while preserving spectral representativeness, the number of selected wavelength 
reflectance values was constrained to 1–30. The selected subsets were further evaluated 
through iterative modelling and 5-fold cross-validation to refine the variable set with min-
imal collinearity and maximal predictive relevance [39]. 

2.6. Prediction Models 

Partial Least Squares Regression (PLSR) is a multivariate latent-variable method used 
to model the relationship between predictor variables and response variables, particularly 
when the data contain many and potentially collinear variables [40]. It is particularly use-
ful when predictors are numerous and highly collinear. PLSR is commonly applied in 
spectroscopy, for example, to estimate soil properties from Vis-NIR spectral [41]. To bal-
ance model complexity and predictive accuracy, PLSR models were configured with 30 
principal components and validated using 5-fold cross-validation, ensuring robust per-
formance assessment and minimizing overfitting within the spectral analysis framework. 

Additionally, three machine learning algorithms, Random Forest (RF), Support Vec-
tor Machines (SVM), and Neural Networks (NN) were evaluated for predicting soil prop-
erties from reflectance measurements. 

RF constructs decision tree ensembles to identify patterns in soil parameters, excel-
ling at capturing non-linear relationships even with heterogeneous data [42]. SVM estab-
lishes precise classification boundaries for soil categorization based on parameters like pH 
and cation exchange capacity, enabling detailed agricultural land segmentation [43]. Neu-
ral networks model complex non-linear relationships between spectral inputs and soil 
quality indicators by iteratively adjusting internal weights during training, enabling ac-
curate prediction of fertility parameters across diverse soil conditions [44]. 

For Random Forest, the number of trees ranged from 50 to 1000 in increments of 50, 
with mtry fixed at 8 and bagging values between 0.1 and 1. For Support Vector Machines 
(SVM), the model was tuned with a cost parameter C = 2 and a radial kernel parameter 
gamma = 0. 0523. The Artificial Neural Network (ANN) was configured with a single hid-
den layer containing 3 neurons, and a weight decay parameter of 0.1, allowing for efficient 
learning while reducing overfitting. 

Highlands and Rainforest datasets were analyzed independently, using 70% of the 
data for training and 30% for testing. A K-fold cross-validation (K = 5) was applied within 
the training set to optimize model hyperparameters, with each dataset divided into five 
subsets. In each iteration, one subset was used as the validation set, while the remaining 
K − 1 subsets were used for training [45,46]. This procedure provided a consistent basis 
for identifying the most suitable model for predicting soil quality and fertility in each 
agroecosystem. 

2.7. Modelling and Performance Assessment 

To evaluate the performance of the developed models, accuracy assessments related 
to error were conducted. Root Mean Squared Error (RMSE), and the Ratio of Performance 
to Deviation (RPD) were used to compare the predictive accuracy of the different models 
[41,47]. RMSE assessed the magnitude of error between the observed and predicted val-
ues; MAE evaluated the average magnitude of prediction errors, regardless of their direc-
tion. RPD, calculated as the ratio between the standard deviation of observed values and 
the RMSE, was included as an additional indicator of predictive capacity. RPD values 
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greater than 2 indicate excellent predictive performance, values between 1.4 and 2 are 
considered acceptable, and values below 1.4 suggest limited predictive ability [8,48]. 
RMSE and RPD express prediction error in the same units as the variable of interest. 

Additionally, the Pearson coefficient (r) was used to measure the correlation degree 
between measured and predicted soil parameters. 

The RMSE in Equation (3), and the RPD in Equation (4) [49] were calculated for both 
calibration and validation phases. 

𝑅𝑀𝑆𝐸 = ඨ∑ ሺ𝑦𝑖 − Ӯ𝑖ሻଶ௡௜ୀଵ 𝑛  (3)

𝑅𝑃𝐷 = 𝜎𝑅𝑀𝑆𝐸 (4)

where 𝑛 is the number of observations, ŷ represents the predicted value, while ȳ is the 
mean of the observed values, 𝑦 corresponds to the observed (measured) value and σ the 
standard deviation [37]. 

R2 (coefficient of determination) is a statistical measure that indicates how much of 
the variability in a dependent variable that is predictable from the independent variable 
in a model. It assesses how well the predictions fit the actual data. Its value ranges from 0 
to 1, although it can be negative if the model performs worse than simply using the mean 
Equation (5) [50]. 𝑅ଶ = 1 − 𝑅𝑆𝑆𝑇𝑆𝑆 (5)

where TSS measures the total variability in the data. RSS represents the model error. Their 
relationship is used to calculate R2 and assess the model’s fit. 

To complement the error-based metrics, the Symmetric Percent Difference [51] in 
Equation (6) was calculated for each observation to assess the relative magnitude and di-
rection of prediction errors across soil properties and ecosystems. SPD is defined as: 𝑆𝑃𝐷ሺ%ሻ =  200 ×  ŷᵢ −  𝑦ᵢ ŷᵢ +  𝑦ᵢ  (6)

where ŷᵢ is the predicted value and yᵢ is the observed value for the i-th sample. Unlike the 
standard percent error, SPD is symmetric with respect to over- and under-predictions, 
avoiding asymmetric penalization when predicted and observed values are exchanged. 
Values close to zero indicate high agreement between observed and predicted values, 
while large positive or negative values reflect systematic over- or under-prediction, re-
spectively. The distribution of SPD values across all validation samples was visualized 
using violin plots, allowing a comprehensive assessment of prediction bias, spread, and 
the presence of outliers for each soil property. 

2.8. Fertilizer Recommendation Framework 

Fertilizer recommendations were estimated by integrating crop nutrient demand, 
soil nutrient supply, stoichiometric conversion factors, and fertilizer-use efficiency coeffi-
cients [52,53]. Parameter values are provided in Supplementary Tables S1–S5. 

2.8.1. Crop Nutrient Demand 

Maize was selected as the reference crop for the nutrient balance framework because 
it is cultivated in both agroecological zones studied, namely starch corn in the Highland 
zone and yellow hard corn in the Rainforest zone, enabling a consistent and comparable 
assessment of fertilizer recommendations across both ecosystems. Nutrient demand was 
calculated for a target grain yield of 2.5 t ha−1 under these two production systems [54,55], 
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using elemental nutrient extraction coefficients (Supplementary Table S1) multiplied by 
the target yield and adjusted by a biomass correction factor (1.55) to account for total 
aboveground nutrient requirements [56]. 

2.8.2. Soil Nutrient Supply 

Soil nutrient supply was estimated for the 0–30 cm layer using either laboratory-
measured (Observed) or spectrally predicted (Predicted) soil properties. Bulk density 
(BUD, t m−3) was estimated from soil texture and organic matter using: [57,58]. 𝐵𝑈𝐷 = 1.66 − 0.004 ⋅ 𝐶𝑙𝑎𝑦 − 0.002 ⋅ 𝑆𝑖𝑙𝑡 − 0.005 ⋅ 𝑂𝑀 (7)

where Clay, Silt, and OM are expressed in percentage (%). 
Soil mass for the 0–30 cm layer was then calculated as the product of bulk density, 

sampling depth (0.30 m), and surface area (10,000 m2 ha−1), yielding soil mass in t ha−1 [59]. 
Nitrogen supply was estimated from organic matter mineralization, considering the 

proportion of N in organic matter (5%), an annual mineralization rate (1.3%), and seasonal 
adjustment according to cropping duration (4 months) [60]. 

For phosphorus and potassium, soil nutrient availability was adjusted using correc-
tion factors based on soil pH and cation exchange capacity (Supplementary Table S3). In 
Rainforest soils, additional adjustments were applied using a texture-pH dependent nu-
trient availability matrix (Supplementary Table S4), which accounts for differences in nu-
trient retention and loss processes under humid tropical conditions. These efficiency fac-
tors were used exclusively to estimate the plant-available soil nutrient fraction [61]. 

Exchangeable Ca and Mg were converted from cmolc kg−1 to kg ha−1 using atomic 
weight and valence corrections [53]. All nutrients were then expressed in fertilizer-equiv-
alent forms using stoichiometric conversion factors (Supplementary Table S2). 

2.8.3. Fertilizer Dose Calculation 

Final fertilizer doses were determined as the positive difference between crop nutri-
ent demand and estimated soil nutrient supply, divided by standardized fertilizer-use ef-
ficiency coefficients (Supplementary Table S4) [52,62]. These coefficients were applied uni-
formly across both Highlands and Rainforest systems during the final recommendation 
stage. 

3. Results 
3.1. Soil Physical and Chemical Characteristics 

Table 2 shows the descriptive statistics of soil samples from the highlands and the 
rainforest, highlighting notable regional variability in fertility parameters. Soil pH values 
averaged 6.51 in the highlands and 5.66 in the rainforest, both with low coefficients of 
variation (CV ≈ 18%), indicating relatively stable acidity levels. Highland soils tended to 
be near neutral, while rainforest soils were more acidic. 

EC showed a strong regional contrast. The highlands soils samples recorded a higher 
mean of 7.76 dS/m with an extremely high CV of 189.71%, compared with 3.51 dS/m (CV 
= 56.99%) in the rainforest, reflecting greater variation in soluble salt concentrations at 
higher elevations. OM content was higher in the highlands soil samples (4.14%) than in 
the rainforest (2.44%), with moderate to high variability (CV = 76.64% and 53.3%, respec-
tively), which may be attributed to differences in climate, vegetation cover, and land use. 

Regarding available nutrients, P and K levels were considerably higher in the high-
lands soil samples (P = 53.96 mg/kg, K = 234.57 cmol/kg) than in the rainforest (P = 22.96 
mg/kg, K = 94.95 cmol/kg), with both nutrients showing high variability (CV > 100%), in-
dicating heterogeneous fertility conditions. For exchangeable cations, Ca and Mg were 
also more abundant in the highlands soil samples (Ca = 19.82 cmol/kg, Mg = 2.62 cmol/kg) 
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compared with the rainforest (Ca = 9.42 cmol/kg, Mg = 2.07 cmol/kg). However, Na was 
higher and more variable in the rainforest soil samples (0.46 cmol/kg, CV = 372.32%) than 
in the highlands (0.22 cmol/kg, CV = 141.85%). Textural analysis revealed structural dif-
ferences. Soils in the highlands contained more sand (51.82%) and less silt (30.15%) and 
clay (18.03%), whereas rainforest soils were richer in silt (39.72%) and clay (25.76%), and 
had a lower sand content (34.52%). 

The high coefficient of variations, especially for EC, P, K, Mg, and Na, confirm the 
substantial heterogeneity of fertility conditions across and within both regions. These dif-
ferences had direct implications for site-specific soil management and the tuning of pre-
dictive model hyperparameters to adequately capture the high variability in soil fertility-
related properties across both agroecological zones. 

Table 2. Physical and chemical variability of soil samples in highland and rainforest agroecosystems. 

Variable 
Highlands Rainforest 

Mean Median σ Var CV (%) Mean Median σ Var CV (%) 
pH 6.51 6.6 1.18 1.4 18.17 5.66 5.4 1 1 17.64 

EC (dS/m) 7.76 5.22 14.72 216.78 189.71 3.51 3.06 2 4.01 56.99 
OM (%) 4.14 3 3.17 10.07 76.64 2.44 2.3 1.3 1.69 53.3 

P (mg/kg) 53.96 23.44 77.92 6071.67 144.41 22.96 17.22 23.35 545.04 101.69 
K (mg/kg) 234.57 171.6 239.86 57,532.77 102.25 94.95 81.65 51.09 2610.54 53.81 

Ca (cmol/kg) 19.82 13.63 17.15 294.04 86.5 9.42 7.51 8.58 73.6 91.09 
Mg (cmol/kg) 2.62 2 2.28 5.18 86.82 2.07 1.17 3.13 9.82 151.16 
Na (cmol/kg) 0.22 0.15 0.31 0.1 141.85 0.46 0.08 1.73 2.98 372.32 

Sand (%) 51.82 51.52 15.2 231.04 29.33 34.52 31.8 15.52 240.77 44.95 
Silt (%) 30.15 27.61 12.62 159.21 41.85 39.72 37.34 15 224.89 37.75 

Clay (%) 18.03 18.16 9.77 95.54 54.2 25.76 25 9.77 95.46 37.93 
Note: Descriptive statistics based on 297 soil samples where: EC = electrical conductivity; pH = hy-
drogen potential; OM = organic matter; P = phosphorus; K = potassium; Ca = exchangeable calcium 
content; Mg = exchangeable magnesium content; Na = exchangeable sodium content; var = variance; 
CV = coefficient of variation (%); σ = standard deviation. 

Soil texture, a fundamental determinant of edaphic fertility and hydraulic properties, 
was quantitatively characterized through granulometric analysis of sand, silt, and clay 
fractions [63]. Figure 3a depicts the distribution of 297 soil samples within the USDA soil 
texture triangle classification framework [64], which delineates twelve distinct textural 
classes based on proportional particle size distribution. Analysis of the distribution re-
vealed nine distinct textural classes present in the studied samples. 

The analytical results reveal marked textural heterogeneity between the highlands 
soil samples (Figure 3a) and those from the rainforest region (Figure 3c). In the highlands, 
where agricultural plots cultivated with potatoes were evaluated, the predominant soil 
textures were sandy loam (SaLo), loam (Lo), and sandy clay loam (SaClLo), which ac-
counted for the majority of the samples. These textures provide a favorable balance be-
tween hydraulic conductivity and moisture retention capacity, making them well suited 
for tuber cultivation under high-altitude conditions. 

In the rainforest, where samples were collected from coffee and banana plots, finer 
textures such as clay loam (ClLo), silty clay loam (SiClLo), and clay (Cl) were more com-
mon. These soils typically exhibit high water and nutrient retention capacity, although 
with reduced permeability conditions that support the cultivation of perennial crops in 
humid tropical climates. 

Extreme textural classes, such as sand (Sa) and silt (Si), were minimally represented 
in both regions, indicating a predominance of soils with intermediate physical properties. 
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Figure 3b displays representative photographs of each identified textural class, providing 
visual confirmation of the morphological characteristics associated with each soil type. 
This observed textural variability underscores the considerable edaphic complexity across 
the study area and highlights the importance of detailed pedological characterization to 
support regionally adapted and efficient agricultural management strategies. 

 

Figure 3. Soil texture classification using the USDA soil texture triangle for two contrasting ecolog-
ical regions in Peru: (a) Highlands (n = 168) and (c) Rainforest (n = 129). Each orange dot represents 
a soil sample positioned according to its percentage of sand, silt, and clay. Panel (b) displays pho-
tographic examples of representative soil samples corresponding to the most frequent textural clas-
ses identified in both regions, including their respective USDA texture classifications. 

3.2. Normalized Weights of the Thematic Dimensions 

Figure 4 shows the spectral signatures of agricultural soils from the rainforest and 
highland regions, processed using three spectral transformations: SG-smoothed reflec-
tance (a and b), first derivative (c and d), and band depth (e and f). The SG spectral signa-
tures exhibit an ascending pattern from the visible (VIS) region to the shortwave infrared 
(SWIR) region. In the highland soils (b), higher overall reflectance is observed, with more 
marked differences in the 600–1400 nm and 1900–2200 nm ranges. In contrast, the rainfor-
est soils (a) show attenuated curves, particularly between 500 and 1000 nm, where reflec-
tance is significantly lower. These differences highlight the spectral contrast between the 
two regions under different agricultural conditions. 

Figure 4c,d, corresponding to the first derivative, reveal the rate of change along the 
spectral profile. In the highland soils (d), more pronounced inflection points are evident 
between 600–750 nm and 1900–2200 nm. In the rainforest soils (c), the most visible transi-
tions occur between 550–700 nm and 1350–1900 nm, although with lower intensity, indi-
cating a smoother spectral response. Figure 4e,f show the band depth (BD) transformation, 
which emphasizes specific absorption regions. In the highland soils (f), the deepest bands 
appear around 1400, 1900, and 2200 nm, with well-defined profiles. In the rainforest soils 
(e), bands are also observed in these regions, although they are broader and less defined, 
particularly between 1350–1550 nm and 1850–2100 nm. These absorption regions are rel-
evant to the soil properties evaluated in this study. The features around 1400 and 1900 nm 
are commonly associated with water- and hydroxyl-related absorptions, which may in-
fluence the spectral response of properties such as OM, pH, Ca, Mg, and texture. Likewise, 
the spectral region near 2200 nm is usually linked to the fine mineral fraction of the soil, 
particularly clay-related responses, which helps explain its relevance for clay, silt, pH, and 
exchangeable Ca. 
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Figure 4. Spectral Data of soil samples; (a) Spectral signatures SG for rainforest soil; (b) Spectral 
signatures SG for Highlands soil; (c) 1st derived for rainforest soils; (d) 1st derived for Highlands 
soils (e) Band depth for rainforest soils; (f) Band depth for highlands soils. Red line: mean values. 

Figure 5 presents the Pearson correlation coefficients between VNIR spectral bands 
and soil physicochemical properties, showing clear differences between soils from the 
highlands and the rainforest. In the case of the highlands (Figure 5a,c,e), a more consistent 
and defined spectral response is observed. In Figure 4a, which corresponds to the SG 
method, clay shows consistently positive correlations across the spectrum, exceeding r > 
0.25 in the 750 to 1000 nm range. 

Organic matter (OM) and silt also exhibit moderate correlations with well-defined 
spectral patterns, particularly between 620 and 820 nm. The application of the first deriv-
ative (D1), shown in Figure 4e, significantly enhances spectral sensitivity, with sharper 
correlation peaks. Clay and sand reach values of r = 0.42 and r = 0.39, respectively, between 
680 and 720 nm, while OM reaches r = 0.38 within the 500 to 520 nm range. 
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Other properties such as electrical conductivity (EC) and pH also improve moder-
ately, with r = 0.19 and r = 0.32. The band depth (BD) method, shown in Figure 4c, pro-
duces smoother patterns but still identifies key absorption zones. Clay remains the most 
responsive variable, with r > 0.12 between 450 and 700 nm. Overall, these results indicate 
greater spectral sensitivity in highland soils, especially for textural properties and organic 
matter. 

In contrast, Figure 5b,d,f present the results for rainforest soils, where spectral corre-
lations are generally weaker. In Figure 5b (SG), although clay retains a positive trend, 
correlations are less consistent and lower compared with the Highlands. Properties such 
as OM, K, and Na show diffuse spectral responses with no clear structure. The D1 trans-
formation (Figure 5f) slightly improves correlations for some properties like clay, sand, 
and OM, but the peaks are weaker and more variable. 

The BD method (Figure 5d) shows even smoother correlation patterns, with moder-
ate responses for clay mainly between 1400 and 1900 nm, while other properties display 
weak or scattered signals. Overall, the spectral response in rainforest soils appears less 
pronounced. This may be due to higher moisture content, the presence of surface organic 
residues, or lower textural variability, which reduce the spectral discrimination capacity 
compared with highland soils. 

Figure 6 shows Pearson correlation heatmaps between soil physicochemical proper-
ties and normalized spectral indices derived from all possible wavelength combinations 
within the VNIR-SWIR range (500–2500 nm), calculated from SG smoothed reflectance 
spectra (I-SG) [65]. In both regions, correlation coefficients range from −0.6 to 0.6, enabling 
the identification of spectral regions with greater sensitivity to specific soil variables. In 
the highlands (Figure 6a), stronger correlations were observed for OM and Sand, with 
prominent associations in the 1350–1850 nm range for OM and the 500–700 nm and 1800–
2000 nm ranges for Sand. Clay exhibited consistently negative correlations between 500–
700 nm, while Silt showed moderate positive correlations in the mid-spectral range. 
Among chemical properties, pH and Ca displayed notable correlations, especially around 
1400 and 2200 nm. In contrast, P showed low to moderate correlations, mostly between 
1400–1600 nm, without a clear spectral pattern, whereas K presented very weak, scattered, 
and inconsistent correlations. 

In the rainforest soil samples (Figure 6b), distinct patterns were observed, with 
stronger correlations for Silt, pH, Ca, Mg, and P, primarily between 1400–1550 nm and 
1900–2200 nm. Silt exhibited the highest coefficients (>0.6) in the 1400–1600 nm range, 
while pH showed strong positive associations between 1900–2200 nm. Ca and Mg showed 
mixed spectral responses around 1400 and 2200 nm. In contrast, variables such as OM, K, 
Na, and Sand recorded weak correlations with no defined patterns. Overall, the results 
demonstrate that SG-based normalized indices effectively identify spectral combinations 
relevant for predicting soil properties, although clear regional differences are evident: in 
the highland region, associations are stronger for textural variables (OM, Sand, Clay), 
whereas in the rainforest, spectral responses are more pronounced for chemical properties 
(pH, Ca, Mg, P) and Silt. 
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Figure 5. Pearson correlation coefficients between VNIR spectral wavelengths (350 to 2500 nm) and 
soil physicochemical properties in the Highlands (a,c,e) and rainforest (b,d,f) using three spectral 
preprocessing techniques: (a,b) Savitzky–Golay reflectance (SG), (c,d) Band Depth transformation 
(BD), and (e,f) First Derivative (D1). 
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Figure 6. Pearson correlation heatmaps between Savitzky–Golay (SG) smoothed visible-near infra-
red (Vis-NIR) spectral reflectance and selected soil properties for 168 samples from the highlands 
(a) and 129 samples from the rainforest (b). Each panel shows the correlation (from −0.6 to 0.6) be-
tween normalized index based on spectral reflectance according to Equation (2), and individual soil 
attributes (e.g., pH, electrical conductivity, organic matter, macro- and micronutrients, and texture 
components), highlighting wavelength regions with higher predictive potential. 

3.3. Spectral Modelling Results Using Machine Learning 

Machine learning models applied to the highlands and rainforest dataset derived 
from I-SG, BD, and 1D showed variable performance depending on the soil property, with 
marked differences between training and validation phases. For this analysis, the best-
performing results for each variable were selected based on the spectral input type, algo-
rithm, and hyperparameters that showed the best fit according to the evaluated metrics, 
while datasets derived from indices calculated using 1D and BD spectra were excluded 
due to their poor performance. These results are summarized in Table 3. 

Highlands. For pH, the NN model using I-SG showed good performance during 
training (R2 = 0.80, RPD = 2.25), although its predictive ability decreased in validation (R2 
= 0.47, RPD = 0.89), indicating limited generalization. For OM, also modeled with NN and 
SG_IND, the model achieved robust performance in both phases (R2 = 0.83 and 0.72; RPD 
= 2.41 and 1.74, respectively), reflecting greater predictive stability. Regarding textural 
components, the prediction of Clay using RF and I-SG achieved high accuracy during 
training (R2 = 0.91, RPD = 2.52), but declined in testing (R2 = 0.40, RPD = 1.28), suggesting 
overfitting or greater variability in unseen data. Sand, modeled with SVM and D1, showed 
moderate performance (R2 = 0.72 in training; 0.55 in testing), while Silt yielded weaker 
results, especially in validation (R2 = 0.17, RPD = 1.09). 

For exchangeable cations, Mg modeled with SVM and BD showed excellent fit in 
training (R2 = 0.93, RMSE = 3.09), but moderate validation performance (R2 = 0.38, RPD = 
1.26). Na, modeled with RF and I-SG, performed well in training (R2 = 0.93, RPD = 1.99), 
but its predictive power dropped sharply in validation (R2 = 0.017, RPD = 0.47). Ca, mod-
eled with PLSR and SG, showed acceptable and consistent results (RPD = 1.69 in training 
and 1.43 in validation). 


