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Introduction

Soil quality is influenced by a combination of various topsoil 
physical, chemical, and biological properties, including pH, 
calcium carbonate (CaCO3), and soil organic carbon (SOC) 
(Loveland and Webb 2003; Xiao et al. 2023). Among these, 
SOC is considered the most critical factor influencing soil 
structure, nutrient retention, and moisture-holding capac-
ity, all of which are essential for soil fertility and crop yield 
(Oelofse et al. 2015). Beyond its impact on soil productiv-
ity, SOC also plays an integral role in mitigating global 
climate change through carbon sequestration (Lal 2004; 
Bradford et al. 2021). The amount of carbon stored in the 
soil as CO2 is estimated to be two to three times greater than 
that stored in the atmosphere (Zhang et al. 2023), making it 
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Abstract
Understanding the spatial distribution of topsoil properties in grassland ecosystems is essential for improving soil eco-
system services, quality, and erosion resilience. The availability of free, high-resolution satellite imagery and advanced 
data mining techniques offers new opportunities for efficient soil property assessment. This study aimed to evaluate the 
potential utility of multi-season PlanetScope imagery to predict soil organic carbon (SOC), pH, and calcium carbonate 
(CaCO3). Using random sampling, 121 topsoil samples (0–30 cm depth) were collected with an auger across grasslands, 
bare soil, and eroded areas within a typical grazing land use. Three data mining techniques: random forest (RF), extreme 
gradient boosting (XGB), and support vector machines (SVM), were applied and evaluated using a 10-fold cross-vali-
dation. The results indicated that multi-season spectral covariates considerably improved the accuracy of the target soil 
properties compared to single-season imagery. SVM was the most effective algorithm for predicting SOC, achieving a root 
mean square error (RMSE) of 0.52%, mean absolute error (MAE) of 0.24%, and R² of 0.92. RF was the best-performing 
algorithm for predicting soil pH (RMSE = 0.22, MAE = 0.17, and R² = 0.97) and CaCO3 (RMSE = 0.55%, MAE = 0.42%, 
and R² = 0.96). While XGB failed to capture the variability in soil pH, the other models generated interpretable maps 
that accurately represented the distribution of soil properties across different land cover categories. The green-red vegeta-
tion index (GRVI) was the most critical covariate for predicting SOC, while elevation and the topographic wetness index 
(TWI) were key predictors for soil pH and CaCO3, respectively. This study underscores the potential of multi-season 
PlanetScope imagery for accurately predicting soil properties and recommends conducting similar studies in diverse geo-
graphical settings to validate these findings and develop more generalizable models.
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a crucial component of the global carbon cycle (Post et al. 
1982). CaCO3 also plays a crucial role in soil biogeochemis-
try by increasing soil pH (i.e., neutralizing soil acidity) and 
extractable Ca, thereby enhancing SOC content (Rowley et 
al. 2018, 2020). It also acts as a cementing agent in soil, with 
higher soil strength being associated with increased CaCO3 
content (Fukue et al. 1999). Soil pH, a measure of soil acid-
ity or alkalinity, is another critical component of productive 
soils. It regulates plant nutrient availability by altering the 
chemical forms and reactions of nutrients, thereby influenc-
ing plant growth and biomass production (Minasny et al. 
2016; Oshunsanya 2018; Neina 2019). (Xiao et al. 2023) 
Maintaining plant nutrient availability is particularly crucial 
in livestock-grazing areas, like the study site, as it directly 
impacts forage quality and quantity.

These soil properties also influence the soil structure, 
which plays a key role in mitigating erosion (Teague and 
Kreuter 2020). For example, soils with stable structures are 
often more resistant to erosion. Thus, predicting the spa-
tial distribution of these topsoil properties is essential for 
enhancing soil ecosystem services, improving soil quality, 
and increasing resilience against soil erosion (Blanco-Can-
qui et al. 2013; Nokhandan et al. 2023). Data mining tech-
niques like machine learning (ML) have gained significant 
traction in soil science, offering promising solutions for pre-
dicting various soil properties, which in turn may support 
agricultural decision-making and soil quality management 
(Padarian et al. 2020). ML techniques analyze the spatial 
variation of specific soil properties using a set of covariates 
that represent different soil-forming factors, such as veg-
etation, topography, climate, and parent material (Were et 
al. 2015). By establishing statistical relationships between 
in-situ soil property observations and these covariates, ML 
models can infer and map soil properties at locations lack-
ing direct observations (Heung et al. 2016; Xiao et al. 2023). 
ML methods such as random forest (RF), extreme gradient 
boosting (XGB), and support vector machines (SVM) have 
demonstrated high efficacy in predicting soil properties, 
excelling in capturing non-linear relationships within soil 
data (Padarian et al. 2020; Wang and Zhou 2022; Hateffard 
et al. 2024).

The increasing availability of free remote sensing data, 
from which most environmental covariates are derived, has 
significantly accelerated the adoption and implementation 
of ML in digital soil analysis (Padarian et al. 2020; Motia 
and Reddy 2021). Traditionally, mapping soil properties 
involved interpolating observations from sampled locations 
to predict properties at unsampled locations using geosta-
tistical methods. One notable advantage of geostatistical 
methods like kriging is their ability to account for spatial 
autocorrelation in model residuals (Hengl et al. 2015). 
However, there are several reasons to consider remote 

sensing and ML as preferable alternatives to geostatisti-
cal techniques. A frequently cited issue with geostatistical 
methods is the propagation of interpolation errors in soil 
property estimations, especially when sampling points are 
sparse (Were et al. 2015). Achieving accurate predictions 
thus requires a dense and representative set of observations, 
a process that is both labor-intensive and time-consuming 
due to the significant spatial variability of soil properties 
(Song et al. 2017). In contrast, the combination of remote 
sensing and data mining techniques provides a rapid and 
cost-effective approach for mapping the spatio-temporal 
distribution of soil properties with limited in-situ observa-
tions (Zhai 2019; Wang and Zhou 2022). When verified 
with field survey, this approach can generate accurate, con-
tinuous, and spatially detailed information on soil properties 
(Du et al. 2015; Naimi et al. 2022; Keshavarzi et al. 2023).

Satellite remote sensing offers a relatively high tempo-
ral resolution compared to ground-based and airborne sen-
sors (Xiao et al. 2019). Additionally, it provides broader 
aerial coverage, making it highly suitable for rapid digital 
soil mapping. Recent studies have demonstrated that com-
bining static terrain derivatives with dynamic covariates 
from multitemporal satellite imagery significantly enhances 
the prediction of soil properties such as calcium carbon-
ate equivalent, SOC, and sand content (Fathololoumi et al. 
2020). Lamichhane et al. (2021) applied the random forest 
(RF) algorithm to predict SOC content using multi-season 
Sentinel-2 data, discovering that multi-season data better 
capture the dynamic conditions of surface soils compared 
to single-season images. Similarly, Wang and Zhou (2022) 
estimated soil organic matter (SOM) content using single 
and multi-season Sentinel-2 A images, finding that the lat-
ter provided superior results. The rationale for using multi-
season imagery lies in the fact that topsoil properties also 
vary in time as influenced by land cover dynamics. Thus, 
incorporating images from all seasons can capture such 
variation, thereby enhancing the predictive capacity of ML 
models (Lamichhane et al. 2021).

The potential of the recently launched PlanetScope data, 
with its high spatial (3 m) and spectral (8 bands) resolutions, 
remains underexplored in the realm of digital soil mapping, 
despite its free availability for scholarly research and edu-
cation purposes. Although some studies have compared 
Landsat-8 and Sentinel-2 with PlanetScope in mapping 
soil properties (Žížala et al. 2019; Silvero et al. 2021), the 
application of multi-season PlanetScope data is still lacking. 
Against this background, the objectives of this study are: 
(a) to evaluate the potential of multi-season PlanetScope 
imagery to improve the accuracy of digital soil mapping 
and, (b) select the best predictive model for each soil prop-
erty. The underlying hypothesis was that multi-season imag-
ery outperforms single-season imagery for predicting the 

1 3

  222   Page 2 of 15



Earth Science Informatics          (2025) 18:222 

target soil properties. To achieve these objectives, three ML 
algorithms, including RF, XGB, and SVM, were applied 
and their predictive performance was evaluated through a 
repeated 10-fold cross-validation procedure.

Materials and methods

Study area

This study was conducted in a small semi-arid region of 
eastern South Africa, characterized primarily by subsistence 
farming, particularly livestock rearing. The study area cov-
ers 0.20 km², stretching between latitudes: 30º 42’ 50” S, 
and 30º 43’ 20” S and longitudes: 29º 26’ 04’’ E and 29º 
26’ 20’’ E (Fig.  1). It features an undulating topography 
with varying elevations. The northern part, predominantly 
vegetated, is at a higher elevation, while the lower eleva-
tions in the footslope are mainly eroded. Grassland, which 
constitutes 37% of the surface cover in this area, is the 
dominant vegetation type. However, overgrazing and other 

human activities are increasingly transforming these grass-
lands into bare soil and built-up areas. The region is entirely 
covered by Luvisols and receives an average annual rain-
fall of 671 mm, primarily during the summer months from 
November to February.

Soil sampling and measurements

Sampling design is a critical first step in digital soil map-
ping, with the selection of an appropriate sampling method 
being a key component of this process (Brus 2019). In this 
study, simple random sampling was chosen due to budget 
limitations and the need to position samples in strategi-
cally accessible locations, as the study area is character-
ized by irregular terrain and large gullies. A total of 121 
topsoil samples (0–30 cm depth) were randomly collected 
using a soil sampling auger. A hand-held Garmin eTrex® 
20x GPS device, with a horizontal accuracy of 3.65  m, 
was used to record the coordinates of sampling locations, 
ensuring that each soil sample was taken at least 10  m 
apart. The samples were then transported to the Institute 

Fig. 1  Study area location in the Eastern Cape (EC) Province of South Africa. A and B are field photographs showing dominant land cover in the 
study area
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which identified common keypoints between the overlap-
ping images. Next, ground control points (GCPs) were uti-
lized to georeference the model due to the absence of proper 
exterior orientation data (Bakker and Lane 2017). A total 
of 28 GCPs were selected at strategic locations with open 
surfaces, such as road crossings, where vegetation cover 
was minimal. The elevation values were extracted from 
the SRTM database and used to mark the evenly distrib-
uted GCPs. The overall root mean square error (RMSE) of 
the applied GCPs was 0.102 m. The next step involved the 
generation of a dense point cloud, comprising 311,003,382 
points (3.82 points/sq m), which was later classified to 
remove surface objects and vegetation. Finally, the DEM 
was interpolated with a spatial resolution of 51.2 cm.

Additionally, four PlanetScope images representing dif-
ferent seasons: Summer (08 December 2023), Spring (23 
March 2023), Winter (10 June 2023), and Autumn (21 Sep-
tember 2023) were downloaded from the Planet Labs web-
site (https://www.planet.com). PlanetScope has a spatial 
resolution of 3 m and includes eight spectral bands: coastal 
blue, blue, green, yellow, red, red-edge, and near-infrared 
(NIR). From each image, nineteen covariates were com-
puted, comprising eight raw spectral bands and five vegeta-
tion indices (VIs): normalized difference vegetation index 
(NDVI), transformed normalized difference vegetation 
index (TNDVI), atmospheric resistance vegetation index 
(ARVI), green-red vegetation index (GRVI), and salinity 
index (SI) (Table 1). These VIs were selected based on the 
PlanetScope bands but also because they are among the 
most widely used indices as covariates in previous digital 
soil mapping studies (Taghizadeh-Mehrjardi et al. 2021; Liu 
et al. 2022; Yuvaraj et al. 2022). All covariates were com-
puted using spatial analyst tools in ArcMap 10.4. To ensure 
consistency between DEM-derived and satellite-derived 
covariates, the DEM-derived covariates were resampled to 
match the 3 m spatial resolution of the PlanetScope data.

of Geoscience laboratory, University of Debrecen, for fur-
ther analysis. Before any analysis, the samples were oven-
dried for a minimum of 48 h, crushed, and sieved through 
a 0.2 mm mesh to remove rock fragments and plant debris. 
Standard laboratory procedures were followed to analyze 
the soil properties. Soil pH was measured with a Consort 
C3010 Multiparameter Analyzer, manufactured by Consort 
bvba ​(​​​h​t​t​p​s​:​/​/​c​o​n​s​o​r​t​.​b​e​/​​​​​)​. CaCO3 content was determined 
using the volumetric Scheibler calcimeter method, which is 
recognized internationally for determining carbonate con-
tent in accordance with ISO 10693:1995 standards. SOC 
was determined through the Walkley-Black wet oxidation 
method (Walkley and Black 1934). Each measurement was 
performed in triplicate to ensure accurate results. Descrip-
tive statistics for each soil property were computed using R 
software and visualized with the ggplot2 package. To ana-
lyze the distribution of target soil properties across differ-
ent land covers, a high-resolution (1.5 m) land cover map 
of the study area was generated. This map, with an overall 
accuracy of 78%, was produced from a pansharpened Satel-
lite pour l’Observation de la Terre (SPOT-7) image using 
the random forest (RF) classifier. To examine the effects 
of slope steepness on the target soil properties, boxplots 
depicting the distribution of each soil property across vari-
ous slope steepness classes were also produced.

Feature set generation

Six topographic covariates including elevation, topographic 
wetness index (TWI), curvature, slope, slope length and 
steepness factor (LS-factor), and aspect were generated 
from a 51.2 cm digital elevation model (DEM) using Arc-
GIS 10.4. This DEM was generated using Structure-from-
Motion (SfM) processing of archive aerial imagery (Eltner 
and Sofia 2020), which were provided by the National Geo-
spatial Information (NGI), a key entity in spatial informa-
tion management in South Africa. The dataset comprised of 
nine high-resolution images (7740 × 13824 pixels, 107.00 
MPixels) with a resolution of 600 dpi in TIF format, cover-
ing an area of 75 km. The SfM processing was performed 
using Agisoft Metashape Professional v2.0 software. Ini-
tially, the images were aligned using the SIFT algorithm, 

Table 1  Spectral indices derived from the PlanetScope image
Name Formula References
Normalized difference vegetation index (NDVI) (NIR − Red)

(NIR + Red)
(Rouse et al. 1974)

Transformed normalized difference vegetation index (TNDVI) √
(NIR − Red)
(NIR + Red) + 0.5

(Tucker 1979)

Salinity index (SI) (Red − NIR)
(Green + NIR)

(Taghizadeh-Mehrjardi et al. 2021)

Atmospheric resistance vegetation index (ARVI) (NIR −(2× Red)+Blue)
(NIR +(2× Red)+Blue)

(Kaufman and Tanre 1992)

Green-red vegetation index (GRVI) (Green − Red)
(Green + Red)

(Tucker 1979)

Note Blue = band 2, Green = band 4, Red = band 6, NIR (near infra-red) = band 8
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optimal combination of these parameters. The model was 
implemented using the “xgbTree” function from the xgboost 
package (Chen et al. 2015).

Support vector machines

Support Vector Machine (SVM), a binary classifier based on 
statistical learning theory (Vapnik 1999), works by identify-
ing a hyperplane that optimally separates data points. Using 
the kernel trick, SVM expands the feature space to achieve 
perfect class separability, employing various kernel func-
tions for flexibility in finding complex non-linear boundar-
ies (Boehmke and Greenwell 2019). Key hyperparameters 
include the cost (C) parameter, which penalizes misclas-
sifications, and the sigma parameter, which influences the 
decision boundary. The “svmRadial” function from the 
caret package (Kuhn 2008) was selected as it provided the 
highest accuracy among kernel functions. A grid search was 
conducted for finding an optimal combination of the C and 
sigma parameters.

Experimental procedure for soil property prediction

The prediction of each soil property was carried out under 
five different scenarios, each representing a set of covariates 
from various seasons. This was done to examine the impact 
of both individual seasons and a combination of all seasons 
on predicting the target soil property (Table 2). Throughout 
these scenarios, topographic covariates were held constant 
to focus on the influence of multi-season PlanetScope data 
on prediction accuracy. The RF, XGB, and SVM mod-
els were calibrated and validated using a repeated 10-fold 
cross-validation (CV) method. The root mean square error 
(RMSE) was utilized to optimize the hyperparameters of 
each machine learning model during training. This approach 
did not necessitate a train-test split of the dataset (Phinzi 
et al. 2020). Instead, the entire dataset of 121 observations 
was randomly divided into ten subsamples. In each itera-
tion, nine subsamples were used to train the models while 
the remaining one was used for testing. This process was 
repeated until each subsample had been used as a test set 
against all others. The entire procedure was repeated three 
times. To assess the performance of the models for each tar-
get soil property, the RMSE, mean absolute error (MAE), 
and coefficient of determination (R²) of 30 models (i.e., 
10-fold CV with three repetitions) were calculated. These 
accuracy metrics were computed within the 10-fold CV pro-
cedure as follows:

RMSE =
√

1
n

∑
n
i−1(Pi − Oi)2� (1)

Prediction models

Random forest (RF)

Random Forest (RF), introduced by (Breiman 2001), is a 
widely used machine learning method that enhances deci-
sion tree performance by aggregating numerous randomly 
generated trees through bootstrap sampling. Each tree 
is trained on a subset of the data, while the out-of-bag 
samples, not included in training, are used for evaluation 
(Abdi 2020). Additionally, RF randomly selects a subset of 
features for each tree, reducing overfitting and enhancing 
accuracy (Irizarry 2019). Advantages of RF include its non-
parametric nature, high classification accuracy, ability to 
assess variable importance, and flexibility for various data 
analyses (Rodriguez-Galiano et al. 2012). The “rf” function 
from the caret package (Kuhn 2008) was used for RF, with a 
grid search method to tune the mtry parameter.

Extreme gradient boosting (XGB)

Extreme Gradient Boosting (XGB) is an advanced version 
of the gradient boosting decision tree algorithm, designed 
to improve prediction performance and computational effi-
ciency (Chen and Guestrin 2016). Unlike classical gradi-
ent boosting machines (GBM), which build additive models 
of weak learners by optimizing a loss function (Friedman 
2001), XGB incorporates an objective function combining a 
loss function and a regularization term. This dual approach 
controls model complexity and prevents overfitting, thereby 
enhancing predictive accuracy (Ahmetoglu and Das 2022). 
XGB has numerous hyperparameters that can be adjusted 
to make the model more robust. These include eta (learning 
rate), max_depth (maximum depth of the trees), subsam-
ple (fraction of observations used for each tree), colsam-
ple_bytree (fraction of features used for each tree), gamma 
(minimum loss reduction required to partition a leaf node), 
and min_child_weight (minimum sum of instance weight 
needed in a child). A grid search was performed to find the 

Table 2  Different combinations of the covariates involved in each pre-
diction scenario
Scenario Covariates Number of 

covariates
Spring (March) Six topographic + thirteen Spring 

spectral covariates
19

Winter (June) Six topographic + thirteen Winter 
spectral covariates

19

Autumn 
(September)

Six topographic + thirteen Autumn 
spectral covariates

19

Summer 
(December)

Six topographic + thirteen Summer 
spectral covariates

19

All seasons Six topographic + spectral covariates 
from all seasons

58
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Results

Statistical analysis

SOC ranged from 0.19 to 7.81%, with a mean value 
of 2.67% (Table  3). Samples from vegetated locations 
recorded relatively high SOC values compared to bare soil 
and eroded areas, which exhibited similar median SOC val-
ues. The mean pH value of all sampled locations was 5.63, 
with a relatively narrow range of 2.92, indicating minimal 
variation in pH values across different sampling locations. 
Indeed, the pH boxplots for different land covers appear 
similar, although eroded areas had slightly lower median pH 
values (Fig. 2). CaCO3 values ranged from 2.84 to 10.25%, 

MAE = 1
n

∑
n
i−1(Pi − Oi)2� (2)

R2 =
1
n

∑
n
i−1(Pi − Ôi)2

1
n

∑
n
i−1(Oi − Ôi)2 � (3)

Where n represents the entire dataset of 121 observations, P1 
and Oi are the predicted and observed values for a target soil 
property, respectively. P̂i and Ôi denote the mean values 
of the predicted and observed soil properties, respectively. 
Lower values of RMSE and MAE, along with higher R² 
values, indicate better predictive performance of the model.

Table 3  Summary statistics of the soil properties (SOC = soil organic carbon, pH, and CaCo3 = calcium carbonate)
Soil property Min Max Range Mean Median SD
SOC (%) 0.19 7.81 7.62 2.67 2.46 1.40
pH 4.34 7.25 2.92 5.61 5.63 0.54
CaCO3 (%) 2.84 10.25 7.41 5.98 6.07 1.36
Note Min = minimum, Max = maximum, SD = standard deviation

Fig. 2  Target soil properties across different land covers: (a) SOC, (b) pH, and (c) CaCO3
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Model performance

Models demonstrated varying performance in predicting 
target soil properties under different prediction scenarios 
(Table 4). Generally, models utilizing the entire feature set 
(all seasons) outperformed those based on a single season’s 
feature set. For SOC, the SVM model using all seasons 
achieved the lowest RMSE (0.52) and MAE (0.24), though 
it had a slightly lower R² (0.92) compared to the Autumn 
RF model (R²=0.93). In single-season scenarios, the SVM 
model performed poorly, recording the highest RMSE 
(1.26–1.31) and MAE (0.83–0.87) values, and explaining 
only about 20–30% of the total variation in SOC (i.e., R² < 
0.30). RF and XGB models performed exceptionally well 
in predicting SOC under the Autumn scenario compared to 
other scenarios.

The RF model consistently outperformed other models 
in predicting pH across all scenarios. Notably, when utiliz-
ing data from all seasons, the RF model achieved the low-
est RMSE (0.22) and MAE (0.17), accounting for 97% 
of the variation in pH. A similar trend was observed for 

showing considerable variation across different land covers. 
Eroded and bare soil sampling locations recorded the lowest 
and highest CaCO3 values, respectively. Samples from veg-
etated locations had a lower median CaCO3 value compared 
to the overall median value of 6.07%.

Higher SOC values were associated with flat and gently 
sloping areas and decreased as slope steepness increased 
(Fig.  3). The highest SOC value (7.81%) was observed 
within a slope steepness range of 0–3%, while the lowest 
value (0.19%) was found in the 12–20% slope steepness 
range. The median SOC values across various slope steep-
ness categories showed little variation, generally hovering 
around the overall median value of 2.46%. Similarly, pH 
values followed a comparable pattern, with higher pH val-
ues occurring in less steep areas. Areas with gentle slopes of 
0–3%, 3–12%, and 12–20% exhibited distinctively higher 
median pH values (pH > 5.5) compared to much steeper 
areas (25–35% and > 35%). Regarding CaCO3, the median 
values also varied across different slope steepness classes, 
with less steep areas having higher median values.

Fig. 3  Target soil properties across different slope classes: (a) SOC, (b) pH, and (c) CaCO3
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displayed a distinct visual pattern compared to the SOC 
map, both exhibited relatively consistent pattern across 
bare soil and eroded areas. In contrast, the pH map did not 
exhibit a clear generalizable pattern of variation in pH with 
land cover.

We also compared the observed and predicted soil prop-
erties within each land cover category. The predicted soil 
property values closely matched the observed values across 
different land cover categories, as evidenced by the boxplots 
and scatterplots (Fig. 5). Specifically, the median values of 
both observed and predicted SOC were identical for each 
land cover category. Similarly, the predicted and observed 
median values for pH were the same. However, the pre-
dicted and observed median values for CaCO3 showed 
slight differences. The predicted minimum and maximum 
values deviated from the observed values for all soil proper-
ties, suggesting that the models underestimated the target 
properties. Additionally, the boxplots for all predicted soil 
properties were slightly narrower compared to those for the 
observed soil properties.

Variable importance

In the analysis, only the variable importance of the best pre-
dictive model for each soil property was considered (Fig. 6). 

predicting CaCO3, where the RF model also excelled with 
the all-season feature set, recording RMSE, MAE, and R2 
values of 0.55, 0.42, and 0.96, respectively. Conversely, 
the XGB model exhibited poor performance in predicting 
pH across all scenarios, with the highest RMSE (0.54) and 
MAE (0.42) values, and an R2 of 0, indicating it could not 
explain the variation in soil pH. However, the XGB model 
performed relatively well for CaCO3 prediction across all 
scenarios, with RMSE values ranging from 0.90 to 1.07, 
MAE from 0.70 to 0.83, and R2 from 0.61 to 0.77, achieving 
the best results with the entire feature set. The SVM model 
showed variable performance, returning the best results for 
pH prediction with the Winter feature set (RMSE = 0.31, 
MAE = 0.19, and R2 = 0.73) and for CaCO3 prediction with 
the all-season feature set (RMSE = 0.78, MAE = 0.44, and 
R2 = 0.71).

Spatial distribution of predicted soil properties

The spatial distribution maps of the target soil properties, 
generated using the best predictive models with the low-
est RMSE and MAE values, are illustrated in Fig.  4. For 
comparative purposes, a land cover map was included to 
understand how each predicted soil property varies across 
different land cover categories. While the CaCO3 map 

Table 4  Performance of machine learning models for predicting soil properties under different scenarios, with a color gradient from green (indicat-
ing high performance) to red (indicating low performance)
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Discussion

Our study revealed that utilizing multi-season spectral 
covariates was more effective for mapping the target soil 
properties compared to using covariates from a single-sea-
son image. This finding aligns with the results of Wang and 
Zhou (2022) and Lamichhane et al. (2021). The improved 
efficiency can be attributed to the unique spectral character-
istics provided by different seasons, influenced by varying 
environmental factors such as soil moisture. These seasonal 
variations may have enhanced the detection of soil prop-
erties by offering a broader range of spectral data. As soil 
moisture levels fluctuate seasonally, they affect the soil’s 
reflectance in various spectral bands (Lobell and Asner 
2002; Lesaignoux et al. 2013). Additionally, certain soil 
properties may be more detectable or pronounced during 
specific seasons. For example, spectral features such as soil 
darkness which indicates the presence of SOC may be more 
visible in rainy season (i.e. Summer, in our case) than in 
others (Mandal 2016). Multi-season imagery captured these 
seasonal changes, leading to a more accurate and dynamic 
representation of soil properties.

Spectral covariates (PlanetScope bands and VIs) from mul-
tiple seasons were more critical than topographic covariates 
for predicting SOC. Notably, the top six most important 
spectral covariates were GRVI, Green I band, two NIR 
bands, and Red Edge band. These variables were derived 
from the images of various seasons, with Winter and Spring 
variables each appearing twice in the top six. The LS fac-
tor was the least significant variable for predicting SOC. In 
contrast, topographic variables such as elevation, slope, LS 
factor, and aspect were the most critical covariates for pre-
dicting soil pH, followed by two Winter spectral covariates 
(GRVI and NIR band). TNDVI and NDVI from the Summer 
season were among the least important variables for pre-
dicting pH. For CaCO3, the most important variables were 
TWI, aspect, Coastal Blue band, GRVI, and slope, while the 
Green I band and SI from the Autumn and Spring seasons, 
respectively, had a minimal contribution.

Fig. 4  Spatial distribution maps for (a) land cover and predicted soil properties: (b) SOC, (c) pH, and (d) CaCO3
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even with single-season datasets, underscores the stability 
and robustness of RF compared to other algorithms, which 
can be attributed to its functioning mechanism. RF con-
structs an ensemble model of decision trees from random 
subsets of features (Nguyen et al. 2015). Using a larger 
feature set for each decision tree enhances the robustness 
of individual trees, thereby reducing the risk of overfitting 

Different data mining techniques can significantly impact 
the prediction accuracy of digital soil mapping models. In 
our study, RF consistently produced impressive results 
(R²>0.90) across all scenarios for each soil property, with 
only one instance where SVM slightly outperformed it for 
SOC. RF outperformed both SVM and XGB in predict-
ing soil pH and CaCO3. This consistent high performance, 

Fig. 5  Boxplots and corresponding scatterplots comparing observed and predicted SOC (a) using the SVM model, and pH (c) and CaCO3 (d) using 
the RF model
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better predictive performance for CaCO3 which had a much 
wider range (10–45%) compared to the narrower ranges of 
SOC (0-3.07%) and pH (7.50–10).

The best predictive models for each soil property also 
generated interpretable soil maps. For example, the SOC 
map produced by the SVM model demonstrated natural 
variability across different land cover categories. Predicted 
SOC values were lower in degraded and bare soil areas 
and higher in vegetated areas, which is expected in regions 
experiencing severe erosion. According to Celestina et al. 
(2019), degraded areas typically have low soil organic mat-
ter. These areas often have steeper slopes that facilitate ero-
sion, explaining the predicted lower SOC values. Similarly, 
the RF model produced an accurate CaCO3 map with a 
generalizable pattern. CaCO3 values were higher in eroded 
and bare soil surfaces, which is logical because the study 
area is semi-arid and lacks protective vegetation cover, 

(Phinzi and Szabó 2024), which explains the improved per-
formance when using the entire feature set (covariates from 
all seasons).

Surprisingly, XGB’s performance for soil pH was con-
sistently inferior to that of RF and SVM. Despite being a 
tree-based model like RF, XGB was ineffective at predict-
ing soil pH and failed to explain any variability in the soil 
pH data (R² = 0). This discrepancy can be attributed to the 
lower variability in the soil pH values, which ranged from 
4.34 to 7.25, compared to SOC (0.19–7.81%) and CaCO3 
(2.84–10.25%), both of which had a much wider range. The 
narrow range and limited variability in pH values likely 
hindered XGB’s ability to capture subtle differences and 
patterns, leading to poor performance. This observation is 
supported by XGB’s good performance for SOC and CaCO3, 
which exhibited greater variability than pH. In a study by 
Taghizadeh-Mehrjardi et al. (2021), XGB demonstrated 

Fig. 6  Variable importance for predicting SOC (a) using the SVM 
model, and pH (b) and CaCO3 (c) using the RF model. Note: 
M = March, J = June, S = September, D = December, grvi = green red 
vegetation index, ndvi = normalized difference vegetation index, 

arvi = atmospheric resistance vegetation index, tndiv = transformed 
normalized difference vegetation index, si = salinity index, elev = ele-
vation, slp = slope, ls = slope length-steepness, asp = aspect, twi = topo-
graphic wetness index, curv = curvature, bxx = band numbers
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as reduced presence of microorganisms and vegetation, 
which can be partially attributed to increased soil acidity, as 
reflected in the lower pH values. For CaCO3, TWI, which 
indicates the potential for water accumulation, was ranked 
as the foremost predictor. Areas with high TWI values tend 
to retain water for longer periods, facilitating distinct chem-
ical weathering processes that affect CaCO3 levels. Despite 
these findings, spectral covariates also proved relevant for 
predicting these soil properties. The GRVI from Winter 
imagery ranked fifth in importance for predicting pH, while 
the Coastal Blue band and GRVI from Summer imagery 
ranked third and fourth, respectively, for predicting CaCO3.

The findings of this study enhance understanding of the 
variability in soil property distribution, which is crucial 
for targeted management strategies. The study identified a 
spatial correlation between reduced SOC levels and eroded 
areas. Livestock management can play a pivotal role in 
promoting greater permanent soil cover through plant lit-
ter and vegetation, effectively mitigating soil erosion and 
enhancing SOC accumulation (Teague and Kreuter 2020). 
However, for these benefits to be realized, it is essential to 
implement rotational grazing practices, which are currently 
absent in the region, to stabilize soils and prevent further 
degradation caused by overgrazing. Although this study 
successfully predicted soil properties and highlighted the 
potential of multi-season covariates to enhance soil prop-
erty prediction, several limitations should be addressed in 
future research. The influence of varying environmental fac-
tors, such as soil moisture, on spectral characteristics was 
acknowledged, but these factors were not directly measured. 
Additionally, other soil-forming factors such as climate and 
parent material were excluded due to data limitations, which 
likely contributed to the underestimation of soil properties 
even by the best models. Including factors such as soil mois-
ture, temperature, precipitation, and parent material could 
refine predictive models. Furthermore, the study observed 
that different algorithms yielded varying performances 
across soil properties. Future research should explore hybrid 
modeling approaches that combine the strengths of different 
algorithms to improve predictive accuracy. Such attempts 
should also incorporate spatial uncertainty to enhance the 
reliability of the findings.

Conclusions

This study assessed the potential of multi-season Planet-
Scope imagery to enhance the accuracy of digital soil map-
ping and identified the most effective predictive models for 
each soil property. The key conclusions were as follows:

predisposing it to erosion. The removal of topsoil by erosion 
exposes calcium carbonate-rich subsoil, leading to higher 
detection of CaCO3 values in these areas. In contrast, the 
pH map generated by the RF model did not exhibit a clear, 
generalizable pattern across different land cover types, as 
observed with other soil properties, despite the impressive 
performance in terms of accuracy metrics. This lack of pat-
tern can be mainly attributed to the small variation in the 
observed pH values, which affected the predicted pH.

The importance of covariates varied depending on the 
target soil properties. GRVI derived from Winter season 
imagery emerged as the most crucial covariate for pre-
dicting SOC. This is unsurprising because, during Winter, 
the reduced biomass of many plants results in less vegeta-
tion cover. This exposes more soil surface, allowing soil 
properties like SOC to be more detectable through remote 
sensing indices like GRVI. This finding is consistent with 
previous studies, where satellite-based indices like NDVI 
(Taghizadeh-Mehrjardi et al. 2021) and Leaf Area Index 
(Lamichhane et al. 2021) were identified as key covariates 
for predicting SOC. The reduced vegetative cover during 
Winter likely enabled the sensor to capture soil charac-
teristics more directly, thereby enhancing SOC prediction 
accuracy. However, covariates from other seasons, such as 
the Green I and NIR bands from Spring and the Red Edge 
band from Autumn, also proved to be critical, underscoring 
the importance of incorporating multi-season covariates in 
predictive models.

Topographic covariates, specifically elevation, and TWI, 
were identified as the most significant predictors for soil pH 
and CaCO3, respectively, underscoring the critical role of 
topography as a soil-forming factor. This aligns with find-
ings from Xiao et al. (2023), who also identified elevation, 
which affects local microclimate and leaching processes, 
as a key predictor for soil pH. Elevated areas with steeper 
slopes typically exhibit better drainage and reduced water 
accumulation, which impacts the leaching of minerals and 
organic matter, thereby influencing soil pH (Schoonover 
and Crim 2015). In our study, we observed higher pH val-
ues in areas with gentler slopes, indicating the combined 
impact of elevation and slope. On the contrary, soil pH was 
lower in eroded areas compared to other land cover types. 
The observed lower pH values were associated with SOM 
depletion and nutrient loss, potentially due to site-spe-
cific processes such as leaching or erosion-induced SOM 
removal. While higher pH (> 6) has been linked to unstable 
soil aggregates and increased erosion risk in other stud-
ies (Matsumoto et al. 2018), the relationship between pH, 
SOM, and erosion risk is likely soil-specific. Future stud-
ies investigating predominant soil types and management 
practices could provide more definitive conclusions. The 
eroded sites also exhibited minimal biological activity, such 
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