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Abstract
Quality and safety of the soil are essential to ensure social and 

economic development and provides the supply of contaminant free 
food. With agriculture intensification, expansion of urban zones, 
construction of roads, and mining, some agricultural soils sites become 
polluted increasing environmental risks to ecosystems functions and 
human health. Hence the need know the spatial distribution of elements 
in soils, we mapped 25 elements, namely Ca, Mg, Sr, Ba, Be, K, Na, As, 
Sb, Se, Tl, Cd, Zn, Al, Pb, Hg, Cr, Ni, Cu, Mo, Ag, Fe, Co, Mn and V, using 
various geospatial datasets, such as remote sensing, climate, topography, 
soil data, and distance, to establish the spatial estimation models of 
spatial distribution trained trough machine learning model with a 
supervised dataset of 109 topsoil samples, into Google earth engine 
platform. Using R2, RMSE and MAE to assess the prediction accuracy. 
First Random Forest gave satisfactory results in predicting the 
distribution of analyzed elements in soil, being improved for some 
elements when adds more trees. Additionally, each element analyzed has 
a different combination of environmental covariates as predictor, mainly 
soil, climate, topographic and distance variables especially croplands 
close to rivers, with less importance for spectral variables. Our results 
suggest that is possible to identify polluted soils and improved 
regulations to minimize harm to environmental health and human 
health, for short-to-medium-term environmental risk control.
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1 Introduction

Soil  in conjunction with air and water, as a fundamental natural 
resources for agriculture, and becomes the base for most food production, 
providing 98.8% of the daily calorie consumption [1]. Additionally 
provides a variety of ecosystem services as the major source of nutrients, 
and the capacity to remove contaminants from water [2]. Is known that 
one of the main nutritional deficiencies in humans originates with soil 
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nutrient limitation, and the crops yield increase has led to a decrease 
nutritional quality like Ca, Fe and Zn [3]. Additionally, soil can affect 
human health, when is contaminated by nature or human activities, that 
involves the addition of chemical elements in toxic levels and 
translocated to foods, even elements that are essential for life [4]. Then 
quality and safety of the soil are essential to ensure a social and economic 
development [5]. 

With agriculture intensification, expansion of urban zones, 
construction of roads, and mining, some elements are incorporated into 
soils contaminating through a wide range of mechanisms, by  
translocation in pollutants, water,  air or incorporated by fertilization, and 
distributed by erosion and infiltration process, which are affected by the 
topography, soil factors and the climate, generating polluted soils, 
increasing environmental risks to ecosystems functions and human 
health [3,6]. Some elements like Manganese (Mn), Zinc (Zn), Copper (Cu), 
Iron (Fe), Molybdenum (Mo), nickel (Ni), magnesium (Mg), calcium (Ca) 
and Boron (B), at relative low concentrations can enhance the growth and 
development of plants and the human body, but concentrations above 
optimum levels can affect plant negatively plant development [7]. Other 
elements like Cadmium (Cd), Lead (Pb), Chromium (Cr) and Arsenic (As) 
are considered toxic and detrimental for plant and human health [2,4]. 

With increasingly of spatially datasets available from satellite and 
models, is possible the use of complex analysis using machine learning 
models to build spatial prediction frameworks, for soil classes, fertility 
and heavy metals, using multiple source and scales of spatial data, with 
reasonably well  performed results [5,8,9]. The random forest (RF) [10], as 
a supervised machine-learning algorithm for regression problems has 
been widely used in multiple applications for soil mapping considering 
multiple classes of data  [11–15] [16], and involves a combination of 
multiple decision trees, to predict a value by vote system, and makes no 
assumptions about the data distribution; and can handle scores and 
continuous variables simultaneously and has good nonlinear data mining 
capabilities and generalization capabilities [17]. For this purpose the use 
of complex models, large volume of multiple sources of spatial data, 
make it challenging, and demands to use cloud computing, and 
specifically Google Earth Engine (GEE) [18], to reduce time processing 
and resources with accurate results. 

In the Peruvian Mantaro Valley, some sites are recognized as 
polluted soils with high content of Cd, Pb, Zn, As and Cu, with relation 
to irrigated lands by Mantaro river [19,20].  Hence becomes necessarily 
know the spatial distribution of elements in soils, to identify polluted 
soils and improved regulations, particularly in developing countries, in 
order to remediate existing contaminated and minimize harm to 
environmental health and human health, for short-to-medium-term 
environmental risk control. To sum up, this study explored a framework 
for digital mapping for elements content in soil of common that includes 
25 elements, namely Ca, Mg, Sr, Ba, Be, K, Na, As, Sb, Se, Tl, Cd, Zn, Al, 
Pb, Hg, Cr, Ni, Cu, Mo, Ag, Fe, Co, Mn and V. Various geospatial 
datasets, such as remote sensing, climate, topography, soil data, and 
distance, were utilized to establish the spatial estimation models of 
analyzed elements using a dataset consisting of 109 soil samples.

In these context, the aims of this work are (i) generate digital maps 
of elements in soil, implemented by the Google Earth Engine (GEE) 
platform using multiple covariable geospatial data, compared with 25 
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elements content in soils, (ii) assess and compare the accuracy of multiple 
random forest models to predict elements values based in spatialized 
covariables and (iii) identify the most important covariables for 
predicting elements content in soil. First, we present the material and 
methods section, where we describe the study area, how soil samples 
were collected, the covariables acquisition and software processing, 
statistical and spatial analysis, and validation. Then, we show the results, 
the elements determined by the laboratory, the correlation analysis 
between elements and covariates, and the evaluation of RF models. 
Finally, we discuss the results and present the conclusions.

2 Methodology
2.1 Study Site

The Mantaro Valley (MV) is located in the Peruvian central 
highlands, between the latitudes 12.2377S and 11.6793S and longitudes 
75.5792W and 75.1202W, with an altitudinal gradient between 3150 to 
3750 m.a.s.l. composed of four provinces: Chupaca, Concepción, 
Huancayo and Jauja, within 57 districts in total, along 53 km between 
Jauja and Huancayo City, and a width ranging from 4 to 21 km in places, 
flanked by Cordillera Occidental on the west and the Cordillera Central 
on the east.

The MV has the largest agricultural land in the Andes, with almost 
43,000 ha of croplands, for potato, wheat, corn, onion, garlic, leafy 
vegetables and livestock. The sowing is recognized as “big growing 
season” which starts in September and October and harvesting in 
February and March. The “small growing season” take place from May 
to August under irrigation, but it represents only the 10% of the 
croplands. [21]. The climate is characterized by periods of rain between 
October and March, and a dry season between April to September, with 
an average of 650 mm/year. The mean temperature ranges from 4 to 18 
°C, with the lowest temperatures between May and August, and frost 
events between July and August [22]. 
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Figure 1. Location of the study area, Mantaro Valley, Junin (Peru).

2.2 Methodological Framework
The methodological framework employed in this study is presented in Figure 2, and described in 
more detail in the following four methods subsections:
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Figure 2. Representation of the methodological framework used in this study.

2.2.1 Land cover Analysis.

To determine de extension of land covers we generate a supervised 
land cover map based on a Sentinel 2 imagery collection of  2023 April to 
November, and Random Forest (RF) classification method proposed by 
Pizarro et al. [23] who combine spectral bands and topographic covariates 
derived from Digital elevation model (DEM). The land cover training set 
was composed by nine land cover classes and completed with other 
reference sources such as the 2015 national vegetation map [24] 
(croplands, urban zones, barelands, shrublands, wetlands, forest, water 
bodies and roads) and we added the Sand Bar class beside rivers, using a 
Google Earth imagery (pan-sharpened QuickBird, GeoEye, and 
WorldView-2 imagery), and visual interpretation (Figure 2). 

We used 9000 pixels samples (1000 for each class) available (80% 
from field data, and 20% from Google Earth imagery and the 2015 
national vegetation map). The samples were split into a validation data 
set in 30/70% proportion by a stratified random sampling method for each 
cover class to ensure independence between the training and validation 
data. The accuracy of the classifier was evaluated with the overall 
accuracy (OA), kappa coefficient (K), producer accuracy (PA), and user 
accuracy (UA), where K indicates the degree of agreement between the 
ground-truth data and the predicted values, while the PA measures how 
well a pixel has been classified and includes the error of omission (the 
proportion of observed features on the ground that are erroneously 
excluded from a class). The UA measures the reliability of the map, 
informing how well the map represents what is on the ground and it 
includes the error of commission which refers to pixels erroneously 
included in a class [25].
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Figure 3. Depiction of land cover classes adopted in the LULC product and found in Mantaro 
Valley. (A) Wetlands. (B) Forest. (C) Shrubland. (D) Cropland. (E) Bareland. (F) Sand bar. (G) Urban 
(built up). (H) Roads. (I) Water body.

To generate training data sets for land-cover classes, we used 
primary data for vegetation land-cover types and completed with other 
reference sources such as the 2015 national vegetation map (shrublands, 
water, and bare soil classes), Google Earth imagery (pan-sharpened 
QuickBird, GeoEye, and WorldView-2 imagery), and visual 
interpretation.

2.2.2 Field Sampling of Chemical and Physical Soil Parameters

A total of 109 soil samples, composite by four subsamples were 
collected at 30 cm depth, in agriculture lands along Mantaro valley; each 
subsample was georeferenced using a Leica Zeno 5 sub metric GPS. In 
order to ensure randomness, the distance between samples was 
controlled around 2.5 km.

The metal and metalloids soil contents were assessed by analyzing 
twenty-five elements, namely Ca, Mg, Sr, Ba, Be, K, Na, As, Sb, Se, Tl, Cd, 
Zn, Al, Pb, Hg, Cr, Ni, Cu, Mo, Ag, Fe, Co, Mn, V at Soil, Water and Foliar 
Laboratory (LABSAF) of Santa Ana Agricultural Station.

The soil samples after drying at 40 °C by 48 hours, were ground, 
sieved (2 mm). Then 1 gr of dry soil sample was taken and digested in a 
50 ml centrifugal tube with 0.5 ml of concentrated HNO3 acid (69-70%, 
v/v) and 0.5 ml of hydrogen peroxide (H2O2). Next, the solution was 
filtered and the Cd, Pb, Mn and Zn concentrations were measured using 
MP-AES. The analytical standards were prepared in a matrix of 1% HNO3 
and 1% HCl. Arsenic (As) was measured by prereduction of arsenic with 
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potassium iodide (KI) and then by hydride generation. The elements 
concentrations are expressed in mg / kg.

Finally, two methodologies were used for the analysis of elements: 
EPA Method 3050A: Acid digestion of sediments, sludge and soils and 
EPA Method 6020B (SW-846): Inductively Coupled Plasma - Mass 
Spectrometry, the first was to perform the digestion of each of the 
samples and the second for the process of analysis of elements content , 
considering that both methodologies and support equipment, detects the 
necessary limits for the purposes of analysis.

2.2.3 Acquisition and Processing of Environmental covariates

To develop the spatial soil elements distribution models, we utilized 
five sets of covariates, shown in Table 1. 

A. Spectral variable
We used Google Earth Engine platform, for build a Sentinel 2 

multispectral composed mosaic by median, from the image collection 
"COPERNICUS/S2_SR", applying a cloud filter for all the scenes, and pan 
sharpening process for bands B5, B6, B7, B8A, B11 and B12, to the 10 m 
resolution of bands B2, B3, B4 and B8, for each scene from July to August 
2023, for the whole study area.

Additionally, based on previous research like we computed spectral 
indices, including normalized difference vegetation index (NDVI) [26], 
normalized difference water index (NDWI) [27], soil-adjusted vegetation 
index (SAVI) [28] , Enhanced Vegetation Index (EVI) [29], Ratio 
Vegetation Index (RVI) [30] and Red-edge Normalized Difference 
Vegetation Index (NDRE) [31], hence the spectral indices have 
advantages in enhancing soil heavy metals prediction [11,32]. See Table 
1 for the calculation formulas.

B. Topographic variable
Topography affects the redistribution of elements in soil [33], 

therefore the effect of topography factors has to be considered. The 
topographic variables were derived from Shuttle Radar Topographic 
Mission (SRTM) digital Elevation model, resampled at 10 m resolution. 
Trough TAGEE package implemented in GEE [34], we extracted 
covariates related to terrain that  includes slope, aspect, hill shade, 
eastness, northness, Gaussian curvature, Horizontal curvature, Vertical 
curvature and Mean Curvature. These variables has been used in other 
studies in digital soil mapping [9].

C. Climatic variable
Climate has influence on geochemical process in soils and promote 

soil-to-plant transfer of some elements [35], hence we added climatic 
variables, including Rainfall, maximum temperature (Temp.min), 
minimum temperature (Temp.max), and Reference 
evapotranspiration (PET), were obtained from the TerraClimate 
repository in GEE [36]. TerraClimate provides monthly gridded climate 
and climatic data at a spatial resolution of 0.5° from 1958 to 2023. 
Therefore, the climate data was processed to have average PET, 
Temp.max and Temp.min, average accumulate Rainfall, for the las 30 
years.
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D. Soil variable
The soil data were obtained from SoilGrids, published by the 

International Soil Reference and Information Centre 
(https://www.isric.org/explore/soilgrids). SoilGrids is a system for global 
digital soil mapping based in machine learning trained with multiple 
covariates and soil profile database from the WoSIS [37]. To construct soil 
variable set, we selected clay, sand, silt, pH, CEC, BDOD, SOC and 
nitrogen. These soil variables were resampled into 30 m grids resolution.

E. Distance variable.
The major and minor roads inventory was obtained from the 

Peruvian Transport and communication minister 
(https://portal.mtc.gob.pe/estadisticas/descarga.html), for the rivers 
inventory was downloaded from the Peruvian National Water 
Adminsitration (https://www.geoidep.gob.pe/autoridad-nacional-del-
agua-ana). To construct distance variable set, we used the Euclidean 
distance mapping approach [38].  These variables has been used in other 
studies in heavy metal in soil mapping [39].

Table 1. All environmental covariates and their abbreviations and sources.
Data 
type

Covariate Abbreviation Source

Reflectance of Bands Sentinel 2 B1–B12 BLUE, GREEN, RED, RED EDGE 1, RED EDGE 2,  
RED EDGE 3, NIR, RED EDGE 4, SWIR 1, SWIR 2

Normalized difference vegetation 
index

NDVI (NIR - RED)/(NIR + RED)

Normalized difference water index NDWI (GREEN - NIR)/(GREEN + NIR)

Soil-adjusted vegetation index SAVI (NIR - RED)/(NIR + RED+1)(1+0.6)

Enhanced Vegetation Index EVI 2.5×(NIR-RED)/(NIR+6×RED + 7.5×BLUE +1)

Sp
ec

tr
al

Ratio Vegetation Index RVI NIR/GREEN

Elevation Elevation https://srtm.csi.cgiar.org

Slope Slope Calculated from Elevation

Aspect Aspect Calculated from Elevation

Hillshade Hillshade Calculated from Elevation

Eastness Eastness Calculated from Elevation

Northness Northness Calculated from Elevation

Gaussian curvature Gauss.Curvature Calculated from Elevation

Horizontal curvature Hor.Curvature Calculated from Elevation

Vertical curvature Vert.Curvature Calculated from Elevation

To
po

gr
ap

hi
c

Mean Curvature Mean.Curvature Calculated from Elevation

Reference evapotranspiration (ASCE 
Penman-Montieth)

PET https://www.climatologylab.org/terraclimate.html

Minimum temperature Temp. min https://www.climatologylab.org/terraclimate.html

Maximum temperature Temp. max https://www.climatologylab.org/terraclimate.htmlC
lim

at
ic

Rainfall Rainfall https://www.climatologylab.org/terraclimate.html

Proportion of clay particles (< 0.002 
mm) in the fine earth fraction

clay https://www.isric.org/explore/soilgrids

So
il

Proportion of sand particles (> 0.05 
mm) in the fine earth fraction

sand https://www.isric.org/explore/soilgrids
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Proportion of silt particles (≥ 0.002 
mm and ≤ 0.05 mm) in the fine earth 

fraction

silt https://www.isric.org/explore/soilgrids

Soil pH pH https://www.isric.org/explore/soilgrids

Cation Exchange Capacity of the soil CEC https://www.isric.org/explore/soilgrids

Bulk density of the fine earth fraction BDOD https://www.isric.org/explore/soilgrids

Soil organic carbon content in the fine 
earth fraction

SOC https://www.isric.org/explore/soilgrids

Total nitrogen (N) Nitrogen https://www.isric.org/explore/soilgrids

Distance to major roads D_MjR https://portal.mtc.gob.pe/estadisticas/descarga.ht
ml

Distance to minor roads D_mnR https://portal.mtc.gob.pe/estadisticas/descarga.ht
ml

D
is

ta
nc

e

Distance to rivers D_Riv https://www.geoidep.gob.pe/autoridad-nacional-
del-agua-ana

2.2.4 Spatial Analysis

The soil sample data were randomly split into training (70%) and 
validation data (30%). We used a compiled set of the covariates as 
predictors, and insert it in multiple Random Forest (RF) models from 50 
to 200 decision trees,  into GEE platform [18] and applied iteratively to 
each element. We used logic-based machine learning Random Forest 
model [40] for constructs multiple decision trees that are sampled 
independently during training, typically improving classification by 
voting results compared to a single decision tree model. The algorithm 
makes no assumptions about the data distribution; and can handle scores 
and continuous variables simultaneously and has good nonlinear data 
mining capabilities and generalization capabilities [17]. We defined the 
number of generated decision trees of 100 leaving the other parameters 
by default. A total of 100 models were built between the combination of 
predictors and input element data.

2.2.5 Model Validation and Accuracy Assessment

In order to evaluate the performance of the models developed, an 
accuracy assessment was conducted to evaluate the performance of 
regression. The coefficient of determination (R2), the Root Means Square 
Error (RMSE), and Mean Absolute Error (MAE) were used to compare 
the accuracy of different models. More specifically, the R2 was used to 
measure the variation between the measured and predicted soil 
parameters evaluated; the RMSE was used to assess the magnitude of 
error between the measurements and the predicted soil parameter. MAE 
and RMSE express the average prediction error in units of the variable of 
interest. Regarding validation metrics, the closer R2 is to 1, and the closer 
RMSE and MAE are to 0, the better the model fit is considered. To select 
the best model, we used the higher estimation accuracy, and the smaller 
error by element modeled.
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(2)

 RMSE =
𝑛

𝑖=1
 
(𝑦𝑖 ― 𝑦𝑖)2

𝑛
  (3)

where n is the number of samples (individual plot) in the data set, 𝑦𝑖 
is the measured element, i, 𝑦𝑖 i is the predicted element based on the set 
of covariates, and 𝑦𝑖 indicates the average of the measured element. 

Finally, we used variable importance metrics that consider that 
every time a split of a node is made on a variable, the impurity criterion 
for the two descendent nodes is less than the parent node and adding up 
the decreases for each individual variable over all trees in the forest gives 
a fast variable importance that is often very consistent with the 
permutation importance measure. That provided us with an additional 
method for assessing how each predictor variable enabled accuracy 
improvements in the optimized soil parameter prediction model, in terms 
of a normalized percentage contribution.

3 Results 

3.1.1 Supervised Classification of Land Cover

In order of importance, croplands have the most extensive area, and 
includes annual croplands (66.4%), and permanent pastures, urban zones 
are most concentrated in the south, and includes urban and rural areas 
(12.3 %), roads include urban zones and rural zones (3.1%). Forests 
include eucalyptus, pine and native wood species (7.6 %), shrublands 
area distributed around the valley in piedmont areas (3.9%). Water bodies 
includes lakes and rivers (1.5%), and the sandbars are distributed along 
rivers (1.8%), wetlands are located around lakes, and rivers (1.7%). This 
analysis provided a base reference to consider only the croplands areas 
sampled for the elements mapped over the period examined (Figure 4).

This preprint research paper has not been peer reviewed. Electronic copy available at: https://ssrn.com/abstract=4777607

Pr
ep

rin
t n

ot
 p

ee
r r

ev
ie

w
ed

https://www.mdpi.com/2071-1050/15/21/15472#fig_body_display_sustainability-15-15472-f002


Figure 4. Land cover map of Mantaro Valley, Peru, based on supervised classification for the 2022 – 
2023 period.

3.1.2  Summary statistics descriptive of measured elements in soil

The statistical information of elements in soil analyzed are shown 
in Table 3. The most abundant elements were Fe, Ca, Al with 
concentrations above 19 000 mg/kg, in the other side the less abundant 
elements are Be, Hg, Ag, Tl and Se with concentrations below 1 mg/kg. 
Alkali metals show moderate variability and has low correlation between 
them, however, has moderate correlation with Alkali-earth metals (Fig. 
S1). Transition Metals and Post-transition metals are positively correlated 
from moderate to high, especially Ag, Pb, Zn and Cu. Metalloids are more 
correlated with Transition Metals. Co, Fe, Cr, Be, Ni, Al, K, Na, Ba, and V 
have a CV less than 50%; Mg, Mn and Tl have CV between 5 and 100 %; 
the other elements have CV higher than 100%. Both CV and Std can 
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indicate the degree of variability, but the first is not affected by the 
number of dimensions. The most part of soil elements analyzed showed 
a high variability reflecting the high variation of soil forming factors in 
the study region. 

Table 3. Descriptive statistics of all elements analyzed (mg/kg).
Type Element Mean Median Min Max Std C.V (%)

Alkali metals Na 190.12 159.95 65.96 422.42 87.41 45.98

Alkali metals K 2,067.77 1,813.58 956.79 5,279.98 910.82 44.05

Alkali-earth metals Ba 159.42 138.37 56.75 485.57 77.36 48.53

Alkali-earth metals Be 0.94 0.92 0.22 2.11 0.36 38.05

Alkali-earth metals Ca 22,987.90 8,041.85 863.52 159,196.41 28,872.45 125.6

Alkali-earth metals Mg 4,743.03 4,208.62 815.54 14,072.90 2,882.40 60.77

Alkali-earth metals Sr 64.81 35.76 5.4 479.72 81.44 125.66

Transition Metals Ag 0.63 0.1 0 9.2 1.53 243.26

Transition Metals Co 10.24 10.21 3.63 17.52 2.36 23.04

Transition Metals Cr 21.59 19.63 10.4 52.16 7.7 35.67

Transition Metals Cu 83.74 30.34 13.01 980.76 165.68 197.85

Transition Metals Fe 27,444.92 25,916.79 11,643.70 71,509.24 9,036.09 32.92

Transition Metals Mn 917.07 738.81 67.27 5,258.92 725.17 79.07

Transition Metals Mo 1.69 1.1 0.36 12.21 1.77 104.64

Transition Metals Ni 20.39 18.49 9.99 68.02 8.1 39.71

Transition Metals V 45.03 40.75 17.72 168.56 22.03 48.93

Post-transition 
metals

Al 19,064.72 16,594.57 8,375.64 46,054.44 7,632.83 40.04

Post-transition 
metals

Cd 1.9 0.62 0.04 21.8 3.54 186.7

Post-transition 
metals

Hg 0.75 0.24 0 9.57 1.52 203.4

Post-transition 
metals

Pb 146.32 39.36 10.67 1,674.76 321.8 219.93

Post-transition 
metals

Tl 0.49 0.36 0.04 3.3 0.47 97.06

Post-transition 
metals

Zn 691.05 132.35 26.19 7,638.58 1,546.54 223.79

Metalloid As 61.94 31.8 10.38 477.44 93.16 150.4

Metalloid Sb 15.42 1.3 0.46 217.96 45.3 293.86

Metalloid Se 0.48 0 0 4.68 0.83 174.08

3.1.3 Correlation Analysis between Predictors and elements mapped

Out of the 41 environmental covariates chosen to model the soil 
content of 25 elements, the Pearson's correlation coefficients (r) were 
calculated among these to detect multicollinearity among the input 
covariates with the corrplot library [41], in R environment [42].  (Figure 
5). Most variables exhibited low, but significant correlation with the 
analyzed elements. Nevertheless, there were noticeable negative 
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correlations between mineral contents and elevation, as well as climatic 
covariates. Overall, multiple covariates correlated with the elements of 
interest, suggesting that incorporating them as predictors could still 
improve the model's performance to different extents.

Figure 5. Correlation coefficients between measured soil elements and predictors. r—Pearson’s correlation 
coefficient; Significant at 5% probability; X—non-significant.

3.1.4 Analysis of Modeling Results

The assessment of RF regression models, employing 50, 100, 150, and 
200 decision trees, for both training and validation datasets, based on 
environmental covariates, is presented in Table 4. Overall, most models 
performed well except for Hg, and Se, where the difference between sets 
is asymmetric in R-square, RMSE and MAE.
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The elements Mo, Sb, Ag, Tl, Ca, Cr, K, Mg, Ni, Sr, As, and Cd had 
the better performance and smaller error when is trained with 50 decision 
trees in RF. Fe, Ba, and Co, has better performance when is trained with 
100 decision trees. Mn has better performance trained with 150 decision 
trees. Finally, Pb, Cu, Al, Zn, V, Be, Hg, Na, Se has better performance 
trained with 200 decision trees. In general, the chosen models exhibited 
satisfactory predictive capabilities for all the analyzed elements, with a 
slight advantage observed when incorporating more decision trees for 
certain elements.. According to the results obtained, we selected the best 
models for element to generate spatial distribution maps in soil.

Table 4. Evaluation of the prediction effects of the different models in predicting soil properties.

Training Testing
50 100 150 200 50 100 150 200

Element

R-square
K 0.94 0.93 0.93 0.93 0.82 0.82 0.82 0.81

Na 0.93 0.93 0.93 0.93 0.85 0.85 0.86 0.86
Ba 0.88 0.89 0.89 0.89 0.74 0.73 0.73 0.73
Be 0.86 0.86 0.86 0.87 0.71 0.7 0.71 0.71
Mg 0.90 0.89 0.89 0.9 0.82 0.81 0.81 0.81
Ca 0.88 0.88 0.87 0.87 0.78 0.77 0.77 0.77
Sr 0.86 0.85 0.85 0.85 0.75 0.74 0.76 0.76
Hg 0.78 0.78 0.78 0.79 0.32 0.36 0.38 0.39
Cr 0.91 0.90 0.90 0.90 0.82 0.8 0.8 0.80
Ni 0.89 0.88 0.88 0.88 0.77 0.77 0.78 0.77
Cu 0.85 0.85 0.85 0.86 0.71 0.69 0.69 0.69
Mo 0.85 0.83 0.83 0.83 0.74 0.73 0.73 0.73
Ag 0.88 0.87 0.87 0.87 0.73 0.72 0.72 0.71
Fe 0.87 0.88 0.87 0.87 0.73 0.74 0.73 0.72
Co 0.83 0.85 0.85 0.85 0.66 0.70 0.7 0.71
Mn 0.81 0.82 0.83 0.82 0.65 0.62 0.61 0.61
V 0.9 0.9 0.9 0.90 0.79 0.78 0.79 0.79
Tl 0.88 0.87 0.87 0.87 0.77 0.74 0.74 0.74
Cd 0.86 0.84 0.85 0.85 0.64 0.62 0.65 0.65
Zn 0.86 0.86 0.86 0.86 0.72 0.69 0.70 0.70
Al 0.93 0.93 0.93 0.93 0.88 0.86 0.87 0.87
Pb 0.85 0.85 0.85 0.86 0.69 0.67 0.69 0.70
As 0.87 0.86 0.86 0.86 0.69 0.69 0.7 0.70
Sb 0.86 0.86 0.86 0.86 0.67 0.66 0.66 0.64
Se 0.76 0.79 0.79 0.80 0.48 0.5 0.51 0.52
 RMSE

K 231.52 240.63 238.21 241.3 380.8 388.41 388.66 393.2
Na 23.52 23.59 22.6 22.31 33.39 34.25 33.14 32.35
Ba 26.91 26 26.13 26.13 39.35 39.79 39.91 40.27
Be 0.13 0.13 0.13 0.13 0.19 0.2 0.19 0.19
Mg 926.71 942.03 935.88 927.5 1236.87 1250.86 1263.91 1270.95
Ca 9816.53 10166.49 10407.64 10490.63 13659.88 13786.97 13976.17 13938.81
Sr 30.58 31.46 31.25 31.5 40.7 41.33 39.52 39.64
Hg 0.71 0.71 0.71 0.7 1.25 1.21 1.2 1.19
Cr 2.37 2.42 2.42 2.42 3.23 3.43 3.42 3.42
Ni 2.73 2.77 2.79 2.78 3.85 3.87 3.76 3.85
Cu 63.28 63.56 63.3 62.97 88.64 92.5 92.04 92.23
Mo 0.68 0.73 0.73 0.73 0.89 0.92 0.92 0.92
Ag 0.53 0.55 0.54 0.55 0.8 0.81 0.8 0.82
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Fe 3212.27 3144.91 3224.45 3239.06 4682.55 4615.7 4716.24 4741.73
Co 0.96 0.91 0.91 0.91 1.37 1.3 1.3 1.28
Mn 313.49 307.63 302.07 305.45 428.34 448.1 451.48 452.95
V 7.01 6.98 6.92 6.83 10.18 10.26 10 10.16
Tl 0.16 0.17 0.17 0.17 0.23 0.24 0.24 0.24
Cd 1.31 1.41 1.38 1.36 2.11 2.18 2.1 2.09
Zn 584.69 588.02 575.19 574.43 817.07 859.48 845.02 848.15
Al 1990.84 2045.32 1983.05 1963.99 2619.41 2825.3 2724.79 2716.83
Pb 122.85 125.46 123.25 121.39 178.81 183.89 178.66 177.51
As 33.54 34.28 34.2 34.2 51.59 52.2 51.26 51.23
Sb 16.68 16.75 16.74 16.92 26.01 26.54 26.48 26.98
Se 0.4 0.38 0.38 0.37 0.6 0.59 0.58 0.57

MAE
K 174.29 175.24 172.73 172.48 278.47 276.93 275.08 275.99

Na 18.04 18.19 17.51 17.31 25.04 26.32 25.21 24.84
Ba 19.49 18.6 18.46 18.35 28 27.93 27.85 27.92
Be 0.1 0.1 0.1 0.1 0.15 0.15 0.15 0.15
Mg 647.87 632.75 623.8 622.68 928.92 906.62 902.88 912.26
Ca 6720.34 6790.31 6866.56 6952.69 10282.84 10211.56 10302.89 10266.61
Sr 16.8 16.85 16.6 16.66 24.63 24.58 23.99 24.09
Hg 0.36 0.37 0.36 0.35 0.57 0.56 0.55 0.55
Cr 1.7 1.71 1.72 1.7 2.41 2.53 2.53 2.52
Ni 1.79 1.79 1.79 1.79 2.53 2.6 2.57 2.59
Cu 32.73 32.73 32.91 33.01 48.6 50.48 50.52 50.47
Mo 0.37 0.38 0.38 0.38 0.54 0.55 0.54 0.54
Ag 0.28 0.29 0.29 0.29 0.42 0.45 0.44 0.45
Fe 2067.95 2055.87 2093.55 2096.87 3107.56 3151.03 3203.67 3209.55
Co 0.66 0.64 0.63 0.64 0.96 0.93 0.92 0.92
Mn 155.77 154.89 153.46 154.39 225.99 239.7 241.11 240.87
V 4.33 4.2 4.19 4.16 6.31 6.38 6.3 6.43
Tl 0.1 0.1 0.1 0.1 0.14 0.14 0.15 0.14
Cd 0.63 0.7 0.68 0.68 0.96 1.04 1.02 1.01
Zn 319.71 326.04 320.06 317.58 465.33 492.94 481.05 476.89
Al 1511.37 1522.51 1487.43 1467.3 2063.33 2202.89 2123.66 2121.09
Pb 68.76 68.38 67.39 65.91 101.28 102.54 99.54 97.74
As 18.37 18.68 19.01 18.98 28.44 28.87 28.67 28.43
Sb 8.44 8.55 8.49 8.58 12.75 13.21 13.19 13.37
Se 0.27 0.26 0.26 0.26 0.4 0.39 0.39 0.39

3.1.5  Prediction Results and Relative Importance of the Predictors

Based on the previous results, we selected the best regression models 
and created maps of the spatial quantitative distribution of each soil 
property in Figures 6–7. The maps generated by the ten selected models 
show a gradient concentration of elements differentiated between north 
and south, and for other elements such as Na, Ca, Mg, Sr, Ba, Tl, Cd, Zn, 
Pb, Hg, ag, Cu, As and Sb, are concentrated along rivers.
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Figure 6. Spatial distribution maps of K and Na (Alkali metals), Ca, Mg, Sr, Ba and Be (Alkali-earth metals), Al, Tl, 
Cd, Zn, Pb and Hg (Post-transition metals), Cr, V (Transition metals).
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Figure 7. Spatial distribution maps of Ni, Ag, Fe, Cu, Mo, Co and Mn (Transition metals), As, Sb and Se 
(Metalloids).

3.1.6 Importance of covariables

We calculated the relative importance of 41 environmental 
covariates (note that the importance value has been converted to 
percentage) for the selected models by element and grouped by type of 
elements, with the highest accuracy and small errors (Figure 8). For alkali 
and alkali - earth metals (Na, K, Mg, Ba, Ca, Be and Sr), the most 
important covariates were elevation, pH, distance to rivers and 
temperature variables, associated to nitrogen, CEC and clay content. The 
most important covariates in transition metals (Cr, V, Ni, Ag, Fe, Cu, Mo, 
Co and Mn) were distance to rivers and roads associated to soil bulk 
density and temperatures, with SOC, pH, silt and nitrogen content. In 
post-transition metals (Al, Tl, Cd, Zn, Pb and Hg), the elevation, distance 
to rivers, bulk density, sand content and pH were the most important 
covariables and for Cd, the rainfall, and temperatures specifically were 
important. For metalloids, nitrogen content, distance to rivers and roads, 
elevation, pH, rainfall and temperatures were the most important 
covariates.

It is also worth noting that topographic derived covariates and 
spectral covariates, have medium importance in all cases, but elevation 
reveals as good predictor. 

This preprint research paper has not been peer reviewed. Electronic copy available at: https://ssrn.com/abstract=4777607

Pr
ep

rin
t n

ot
 p

ee
r r

ev
ie

w
ed



Figure 8. Relative importance of 41 environmental covariables on the alkali metals (A), alkali-earth metals (B), metalloid (C), post-
transition metals (D) and transition metals (E) content.
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4 Discussion

Here we present the first maps of alkali, alkali-earth, transition 
metals, post transition metals, and metalloids for the croplands of 
Mantaro Valley.  First , we found a positive correlation between some 
elements, especially heavy metals, which indicate an aggregation degree 
of these elements, like the results obtained by Liu et al. (2023) [9] and 
Zhou et al. (2021) [43]. 

High variability of elements along different areas, from north-to-
south and close to river, were determined for the elements analyzed. This 
can be explained by the complex interaction of variables in soil formation, 
even if Mantaro Valley is composed mostly by debris and transported 
material [44]. Topography affects the soil formation, , trough erosion, 
runoff and infiltration processes, and are related to chemical and physical 
properties, in consequence their spatial variability [6]. Zgłobicki [45], 
found that in areas with high slope exposed to erosion the concentration 
of elements in soils was low, and more concentrated at foot of slopes or 
bottoms of depressions. Climate plays an important role un pedogenetic 
process, and events like heavy rainfall, can transport elements from 
abandoned mining dams, geological deposits, biological degradation of 
organic matter, atmospheric deposition and accelerate industrial and 
domestic discharge [46].

Distance to river and had high relative importance in the mapping 
elements, even Pearson correlation coefficients showed moderate and 
low relationship with some elements. This indicated that water used for 
irrigating croplands can transport elements like heavy metals and 
another pollutants [47], product of human activities, that might result in 
metals accumulation in the area close rivers. 

Distance to roads, has a relative medium importance in mapping 
models generated, hence the most croplands in Mantaro valley has low 
traffic. In the same way is recognized that some heavy metals like Pb, was 
often accumulated in surface soils near roads released from oil 
combustion, with implication of accumulation in plants growing in that 
soils [48]. Additionally other anthropogenic activities, such as 
agricultural and change land use management, could be other factors of 
element’s accumulation, especially for some heavy ketals like Cu, 
contained in fungicides an turn an important source [49]

Another soil elements like SOC, sand, lime and clay content are 
linked with metals and metalloids [16], and the addition of manure 
immobilize some elements by formation of complexes with metal ions, in 
fact change the pH and affect the accumulation of metals in soils [50]

Spectral covariates had light importance, cause these variables are 
more sensitive with vegetation growth status, being other variables more 
important in the prediction of elements content. This result indicates that 
metals and metalloids concentration are highly affected by topography 
and human activities [51]. 

In the Peruvian environment standard of agriculture soils [52], for 
As the maximum permissible limit is 50 mg/kg, and in this study we 
report areas with concentration until 477.44 mg/kg. For Pb the maximum 
permissible limit is 50 mg/kg and we found areas with 1,674.76 mg/kg. 
Cd reach max concentrations of 21.8 mg/kg, above the 1.4 mg/kg 
permissible. Hence the predicted soils maps can become in an efficient 
tool for in order to identify polluted areas, that mostly of them are located 
around rivers. 
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5 Conclusions

This study contributes to the current state of art in digital soil 
mapping of elements in soils, using multiple geospatial data, including 
remote sensing data, climate data, topographic data, soil data and 
distance data for the Peruvian Mantaro Valley, trough random forest 
algorithm and computed in the cloud using Google Earth Engine with 
satisfactory results. For the study area, there are different combination of 
environmental covariates in estimate groups elements content, mostly 
soil, climate and topographic and distance variables, with less importance 
for spectral variables. The Random Forest modelling approach, gave 
satisfactory results in predicting the distribution of analyzed elements in 
soil, being improved for some elements when adds more trees. Then the 
application of machine learning algorithms with ground-truth data 
augmentation is effective in the mapping of soil elements.  These findings 
suggest the implementation of spatial monitoring scheme for elements in 
soil, especially for toxics is feasible using environmental covariates. 
Finally, more research needs to be done along Mantaro Valley on the 
translocation of toxic metals to foods and its implication on public health. 
Also, the influence of contaminated water sources used in crops 
irrigation.
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 Fig. S1. Correlation matrix between the analyzed elements in soil.
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