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ABSTRACT 
 

Digital soil mapping plays a crucial role in understanding soil variability and informing sustainable 
land management practices. This study focuses on the Kurdistan Region of Iraq (KRI), evaluating 
the accuracy of SoilGrids, a global-scale soil mapping initiative, and exploring the efficacy of 
machine learning algorithms in refining soil properties estimations. The aim of this research was to 
assess and represent the physical parameters of soils effectively by comparing ground truth soil 
sampling data with data obtained from SoilGrids regarding clay, silt, and sand fractions and bulk 
density. Comparative analyses were conducted between ground truth soil sampling data and 
SoilGrids predictions, revealing significant differences across soil mineral fractions including clay, 
silt, sand fractions, and bulk density. The results showed that the mean clay fraction in the ground 
truth dataset differed notably from SoilGrids estimation, with a Mean Absolute Deviation (MAD) of 
124.0 g kg-1 and Root Mean Square Error (RMSE) of 152.5. However, the integration of machine 
learning algorithms, particularly the Extreme Gradient Boosting (XG Boost) algorithm, showed 
promising results in improving accuracy. The XG Boost algorithm exhibited a relatively low MAD of 
97.9 g kg-1 for clay fractions, indicating a better approximation of observed values compared to 
SoilGrids. Significant percent improvements in RMSE and Mean Absolute Percentage Error 
(MAPE) values were observed across soil fractions and bulk density measurements, ranging from 
approximately 15% for clay to 35% for sand fractions and 20% for bulk density. These findings 
highlight the importance of integrating advanced mapping techniques and machine learning 
algorithms to enhance soil mapping methodologies. Moving forward, efforts to expand ground truth 
datasets through targeted soil sampling campaigns and develop international collaboration 
initiatives will be crucial for improving the accuracy and reliability of soil mapping products in the 
KRI. By incorporating advanced mapping approaches, we can better support sustainable land 
management practices and environmental conservation efforts in the region. 

 

 
Keywords: Digital soil mapping; SoilGrids; machine learning; soil fractions; data interpolation; XG 

boost algorithm. 
 

1. INTRODUCTION 
 

Digital soil mapping (DSM) involves gathering, 
syncretising and analysing data to create precise 
maps detailing various soil properties, including 
soil type, texture, and organic matter content [1]. 
These maps are instrumental in understanding 
the physical, chemical, and biological 
characteristics of soils within a specific area, 
thereby enabling informed decision-making about 
land use and management strategies [2,3,4]. At 
the country level, digital soil mapping offers a 
comprehensive overview of soil conditions, 
facilitating the development of effective policies 
to manage this vital resource [5]. Agriculture, in 
particular, stands to benefit significantly from soil 
mapping efforts, as soil conditions profoundly 
impact crop yields and environmental 
sustainability [1]. Soil texture is paramount for 
effective land management, agricultural 
productivity, and environmental sustainability. In 
Kurdistan Region of Iraq (KRI), where 
developmental plans address with environmental 
challenges, a comprehensive understanding of 
soil variability is essential. Soil mapping 
initiatives, exemplified by SoilGrids developed by 
ISRIC — World Soil Information, offer global-

scale insights into soil properties [6]. However, 
understanding of such global datasets to regional 
applications requires thorough validation to 
ensure their accuracy and applicability for local 
decision-making [7,8]. 
 
Digital soil mapping has recently emerged as a 
key paradigm for the prediction of soil properties 
across landscapes through using statistical 
models that relate the soil observation to 
environmental covariates [5]. However, most 
studies are considerably reliant on data from 
global databases, such as SoilGrids, which have 
limitation issues with spatial resolution and 
accuracy, possibly resulting in discrepancies 
compared to local field data [6]. For example, 
SoilGrids data, due to coarse-scale modelling 
and a lack of local calibration by Tifafi et al. [9], 
may have high variation in prediction of soil 
texture and bulk density. Furthermore, studies 
rarely critically assess methodologies applied 
when digitally mapping soil: the choice of 
covariates, model validation techniques, etc. This 
limitation underlines the need for comparative 
studies between global datasets and local 
ground truth data in terms of detecting and 
correcting potential inaccuracies in soil 
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parameter estimations [10]. Such a 
methodological insufficiency will increase the 
reliability of the outputs obtained through DSM, 
particularly for regions with complex terrains and 
scanty soil information, such as the Kurdistan 
Region. 
 
In addition to supporting agricultural production, 
soil mapping contributes to climate change 
mitigation efforts by providing insights into soil 
organic matter content, a key indicator of carbon 
sequestration potential [11]. Furthermore, soil 
mapping is essential for managing natural 
resources such as forests, wetlands, and 
grasslands, which rely on healthy soils to sustain 
ecosystem functioning and provide vital services 
like water regulation and biodiversity 
conservation [10,12]. By providing information on 
soil conditions in these ecosystems, soil maps 
serve in developing effective management 
strategies that promote soil health and support 
ecosystem resilience. Understanding soil 
conditions helps identify areas suitable for 
various land uses, including agriculture, urban 
development, and conservation, thus facilitating 
sustainable development practices [13,10]. 
 
Despite its importance, many countries still lack 
comprehensive soil maps due to resource 
constraints and the complexity of soil mapping 
processes [14]. However, advancements in 
technology and the availability of global soil 
databases, such as SoilGrids, have made soil 
mapping more accessible and cost-effective 
[15,6,16]. SoilGrids, developed by the 
International Soil Reference and Information 
Center (ISRIC), utilises machine learning 
algorithms and environmental covariate data to 
produce high-resolution maps of soil properties, 
including soil texture components [15]. Its global 
coverage and user-friendly interface make it a 
valuable resource for land managers, 
policymakers, and researchers worldwide [9,7]. 
However, the use of SoilGrids has potential 
challenges [10]. Its accuracy relies on various 
data sources, including soil profile data and 
remote sensing imagery, which may be 
inaccurate or outdated [17,18]. Although 
SoilGrids has been validated through several 
studies, there is a lack of comprehensive 
independent validation using ground truth soil 
sampling data [9,19,7,16]. Moreover, its reliance 
on environmental covariate data may limit its 
accuracy, particularly in local conditions where 
soil properties may differ significantly [15,20]. 
This is especially the case for KRI where soil 
properties have high spatial variability dependent 

on the geological formation and environmental 
covariates [21]. 
 
To address these limitations, recent research has 
explored the integration of algorithmic models to 
predict and refine SoilGrids at the local scale, 
thereby enhancing its accuracy and applicability 
[6,17]. By leveraging machine learning 
algorithms, such as random forests, neural 
networks and Extreme gradient boosting (XG 
Boost) algorithm, researchers have 
demonstrated the potential to improve the spatial 
resolution and predictive accuracy of SoilGrids, 
particularly in regions with limited ground truth 
data [22,23]. These algorithmic models analyse 
spatial relationships and environmental 
covariates to generate fine-scale predictions of 
soil properties, offering a complementary 
approach to the broader-scale information 
provided by SoilGrids. Moreover, combination 
techniques, which combine multiple machine 
learning algorithms, further refine predictions and 
mitigate uncertainties associated with individual 
models, thereby enhancing the reliability of soil 
maps for local decision-making [6,24]. Therefore, 
the integration of algorithmic models, SoilGrids 
can be refined to better capture local soil 
variability, supporting sustainable land 
management practices and environmental 
conservation efforts for KRI. 
 
This study seeks to address this critical gap by 
assessing and accurately representing physical 
soil parameters in the Kurdistan Region. The 
primary objective is to conduct a comparative 
analysis between ground truth soil sampling data 
and SoilGrids data, with a focus on key 
parameters such as clay, silt, sand fractions, and 
bulk density. By leveraging advanced mapping 
approaches, including interpolation techniques 
and machine learning algorithms such as XG 
boost algorithm, the study aims to discover the 
spatial distribution of soil properties at a finer 
scale for the region. 
 

2. MATERIALS AND METHODS 
 
The methodology for assessing the accuracy of 
SoilGrids Kurdistan region of Iraq (KRI) involved 
different procedural phases: acquisition and pre-
processing of SoilGrids data, acquisition of the 
ground truth soil sampling data, and accuracy 
assessment of SoilGrids, prediction of soil 
fractions and bulk density using decision-tree-
based ensemble Machine Learning eXtreme 
Gradient Boosting (XG Boost algorithm) 
approach. The evaluation focused on physical 
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soil properties including clay, silt, sand soil 
fractions, and bulk density. While chemical soil 
properties were available in the ground truth 
data, soil texture components were prioritised for 
accuracy assessment due to their inherent 
stability over time, as indicated by prior research 
[25,26]. This selection minimised the potential 
impact of temporal change and discrepancies in 
the soil sampling process. 
 

2.1 Study Area  
 
Kurdistan Region of Iraq is located in the 
northern part of the country, spans approximately 
46,465 square kilometres, and is bordered by 
Turkey to the north, Iran to the east, Syria to the 
west and Iraqi provinces to the south. Its diverse 
topography and geological formations give rise to 
a variety of soil types, including fertile alluvial 
soils in floodplain areas, shallow mountain soils 
rich in weathered rock debris, arid and semi-arid 
soils prevalent in plains, and Vertisols with high 
clay content found in depressions. The region 

experiences a semi-arid to Mediterranean 
climate, characterised by hot, dry summers and 
cool, wet winters, with variations in climate 
classes across elevations [27]. 
 
Geologically, the Kurdistan Region encompasses 
the Zagros Mountains in the northeast, 
characterised by folded sedimentary rocks, and 
the Mesopotamian Plain in the south, comprising 
fertile alluvial soils [28]. Thrust zones resulting 
from tectonic activity contribute to the complex 
geological landscape [29]. Land use is diverse, 
with agriculture, grazing, urban development, 
and forested areas spread across the region [30]. 
Rivers such as the Tigris and Euphrates, along 
with numerous springs and reservoirs in addition 
to large amount of groundwater, influence the 
hydrology of the area, providing vital water 
resources for agriculture and human 
consumption [31]. Understanding the interplay of 
these factors is crucial for effective soil mapping 
and sustainable land management practices in 
the Kurdistan Region. 

 

 
 

Fig. 1. The location of the study area with soil sampling locations (brown points), digital 
elevation map (DEM) and normalised difference vegetation index (NDVI) for Kurdistan Region 

of Iraq 
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2.2 Ground Truth Soil Sampling 
 
The ground truth soil sampling campaigns 
conducted in the Kurdistan Region of Iraq (KRI) 
was thoroughly executed by researchers 
affiliated with the soil and water science 
department at Salahaddin University-Erbil. Over 
the period spanning from 2015 to 2023, a 
comprehensive soil sampling effort resulted in 
the collection of 487 soil samples distributed 
across the study area. Each soil sample 
underwent precise georeferencing using the 
handheld global positioning system (GPS) 
device, ensuring an accuracy level within 3 
meters. The resulting spatial data were 
organised as point vector datasets, effectively 
capturing the spatial distribution of soil properties 
across the study area. Soil samples were 
collected from the depth of 0–30cm and precisely 
mixed and placed in separate store bags for 
laboratorial analysis. Notably, each soil sample 
represented a composite of at least 5 soil 
sampling points within a defined sampling grid, 
thereby encompassing a comprehensive 
representation of soil characteristics. 
Furthermore, to enhance the robustness of the 
dataset, soil samples were subjected to rigorous 
filtering based on land cover classes, 
encompassed distinct land cover categories such 
as agricultural areas, grasslands, shrublands, 
forests, bare lands, and semi-natural areas, and 
wetlands. This meticulous classification process 
ensured that the soil samples were 
representative of various land cover types 
prevalent in the KRI. Additionally, special 
attention was taken to prevent soil samples 
collected from artificial surfaces, as SoilGrids did 
not encompass soil data for these areas. This 
exclusionary criterion was essential to maintain 
data integrity and ensure the relevance of the 
ground truth soil sampling dataset for 
subsequent analysis and validation processes. 
 

2.3 Soil Particle Size Analysis 
 
Soil particle analysis was conducted using the 
hydrometer method (ASTM 152H 
hydrometer) following the procedure of Gee and 
Bauder [32], which provides guidelines for 
determining the particle size distribution of soils. 
Soil samples were air-dried. Soil samples were 
broken and ground by wooden mortar and pestle 
to pass through a 2-mm sieve. Separate samples 
were used for determining initial air-dry moisture 
contents and bulk densities. Hydrogen peroxide 
(H2O2, 30%) was used for the removal of OM, 
and hydrochloric acid (HCl, 10%) for the removal 

of CaCO3. These calcareous soils were, 
however, subjected to more extensive 
mechanical stirring to diminish the cementing 
effect and enhance particle dispersion as much 
as possible. Sodium hexametaphosphate HMP 
(Calgon, 5%) was used as a dispersing agent in 
the sedimentation suspension. The stock’s law 
principle was implemented to determine soil 
fractions at soil science laboratories. Soil bulk 
density was also measured for sampling point for 
depth 0–30cm with 5 cm increment depths using 
50 X 50 mm standard bulk density rings.  
 

2.4 Acquiring SoilGrids Data 
 
The SoilGrids data were acquired through the 
Google Earth Engine SoilGrids 250m v2.0 
Application Programming Interface (API). Clay, 
silt, and sand soil contents were retrieved at their 
native 250m spatial resolution and then 
reprojected to the WGS 84/Pseudo-Mercator 
projection (EPSG:4326) to align with the study 
area. Subsequently, the data were clipped to 
match the study area boundaries. For 
consistency with the ground truth data, each soil 
property was downloaded in three layers 
corresponding to soil depths of 0–5 cm, 5–15 cm, 
and 15–30 cm. Although SoilGrids offers more 
extensive soil depth information, these specific 
layers were selected to mirror the 0–30 cm soil 
depth of the ground truth data. To ensure 
uniformity in analysis, the units of the ground 
truth data were converted to match those of the 
SoilGrids data. The harmonised and reprocessed 
SoilGrids soil fractions (clay, silt and sand) and 
bulk density are illustrated in Fig. 2. 
  

2.5 Extreme Gradient Boosting Algorithm 
 
Extreme gradient boosting (XG Boost), a multi-
threaded implementation of the gradient boosting 
decision tree (GBDT), is a highly efficient 
machine learning algorithm that evolved from the 
traditional machine learning classification and 
regression tree (CART) [33]. 
 
To improve the SoilGrids soil fractions and bulk 
density predictions, the XG Boost algorithm was 
implemented with integrating ground truth data 
as predictors for locations within the study area. 
Initially, ground truth soil samples across the 
study area were amalgamated to form a unified 
dataset representative of the 0–30 cm soil depth. 
Subsequently, soil fraction data (clay, silt, and 
sand content) along with bulk density were 
extracted from this composite dataset to serve as 
the training and validation data for the XG Boost 
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algorithm. The XG Boost algorithm was then 
deployed to predict soil fractions and bulk density 
based on the ground truth data. During model 
training, the algorithm utilised the ground truth 
soil fraction and bulk density data as input 
features, with location information serving as 
predictors. The model was developed with 
utilising 80% of the data for model development 
and the validation and robustness of the model 
was assessed using 20% of the dataset. Cross-
validation techniques were employed to optimise 
model hyperparameters and assess 
performance. Following model training, 
predictions of soil fractions and bulk density were 
made for all locations within the study area. 
Interpolation techniques were applied to 
generate continuous maps of soil properties, 
facilitating a spatially explicit representation 
across the study area. Validation of the predicted 
soil fractions and bulk density was conducted by 
comparing them with the ground truth data. 
Statistical metrics such as root mean square 
error (RMSE) and coefficient of determination 
(R2), Nash–Sutcliffe model and degree of 
agreement were computed to evaluate the 
model's predictive accuracy. 
 
The entire methodology was implemented using 
the R programming environment and relevant 
libraries, such as the XG Boost library, to 
facilitate data processing, model training, and 
interpolation tasks. By integrating the XG Boost 
algorithm and ground truth data, our objective 
was to enhance the accuracy and spatial 
resolution of SoilGrids predictions, thereby 
providing valuable insights for soil management 
and environmental planning purposes.  
 
Alternative machine learning methodologies, 
including Random Forest and Artificial Neural 
Network models, were explored for the prediction 
of soil fractions and bulk density. However, 
subsequent evaluations revealed their 
performance to be unsatisfactory when 
compared to the XG Boost algorithm applied to 
the current dataset. Consequently, these models 
and their associated outcomes were excluded 
from this manuscript. 
 

2.6 Data Interpolation 
 
Spatial interpolation of soil properties was 
conducted using the Inverse Distance Weighting 
(IDW) method within the QGIS v3.34.3-Prizren 
software. IDW is a deterministic technique that 
estimates values for unknown locations by 
considering the weighted average of observed 

values from neighbouring points, with closer 
points assigned higher weights [34]. The initial 
SoilGrids data providing composite 0–30 cm soil 
depth, ground truth data as well as predicted XG 
Boost soil fractions and bulk density were 
individually subjected to IDW interpolation. This 
process generated continuous maps of soil 
properties across the study area, allowing for a 
detailed understanding of their spatial distribution 
and variability with resolution of 100m. By 
integrating IDW interpolation, accurate 
representations of soil characteristics were 
obtained, aiding in land use planning, agricultural 
management, and environmental decision-
making processes. This approach facilitated 
informed resource management strategies by 
providing comprehensive spatial information on 
soil properties within the study area. 
 

2.7 Accuracy Assessment of SoilGrids 
 
The ground truth and SoilGrids data, predicted 
soil characteristics using the XG Boost algorithm 
for clay, silt, sand fraction along with bulk density 
were evaluated using several statistical metrics 
to assess their agreement and validate the 
models. 
 
Pearson’s Product-Moment Correlation 
Coefficient was calculated to quantify the linear 
correlation between observed and predicted 
values, elucidating the strength and direction of 
their relationship. Mean Absolute Deviation 
(MAD; Equation 1), Mean Absolute Percentage 
Error (MAPE; Equation 2), and Root Mean 
Square Error (RMSE; Equation 3) were 
computed to provide robust measures of 
prediction accuracy, considering both absolute 
and relative differences between observed and 
predicted values. Furthermore, the Nash–
Sutcliffe Efficiency model (NSE; Equation 4) was 
employed to evaluate the extent to which 
predicted values adhered to the line of perfect 
agreement (y=x), providing insight into model 
performance relative to a baseline. The Index of 
Agreement (IA; Equation 5) was utilised to assess 
the overall degree of agreement between 
observed and predicted values, considering both 
the magnitude and spatial distribution of errors. 
Additionally, the Coefficient of Determination (R2

; 

Equation 6) was calculated to gauge the 
proportion of variance in the observed data 
explained by the predicted values, indicating the 
goodness of fit of the model. 
 

𝑀𝐴𝐷 =
∑ |𝑃𝑖 − 𝑂𝑖|𝑛

𝑖=1

𝑛
 Equation 1 
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𝑀𝐴𝑃𝐸 = (
1

𝑛
∑

|𝑃𝑖 − 𝑂𝑖|

𝑂𝑖

𝑛

𝑖=1

) × 100 

 

 Equation 2 

𝑅𝑀𝑆𝐸 = √
∑ |𝑃𝑖 − 𝑂𝑖|2𝑛

𝑖=1

𝑛
 

 

Equation 3 

𝑁𝑆𝐸 = 1 − (
∑ (𝑂𝑖 − 𝑃𝑖)

2𝑛
𝑖=1

∑ (𝑂𝑖 − 𝑂̅)2𝑛
𝑖=1

) 

 
Equation 4  

𝑑 =
∑ (𝑃𝑖 − 𝑂𝑖)2𝑛

𝑖=1

∑ (|𝑃𝑖 − 𝑂̅| + |𝑂𝑖 − 𝑂̅|)2𝑛
𝑖=1

 

 
Equation 5 

𝑅2 = 1 − (
∑ (𝑃𝑖 − 𝑂𝑖)2𝑛

𝑖=1

∑ (𝑃𝑖 − 𝑃̅)2𝑛
𝑖=1

) Equation 6 

 
where, 𝑃𝑖  is the predicted value, 𝑂𝑖  is observed 

value, 𝑃 and 𝑂 are the mean value of predicted 
and observed values, respectively. The lower the 
MAD, MAPE and RMSE values the better the 
predictive capability of a model in terms of its 
absolute deviation. The values of NSE, IA and R2 
ranges from zero to 1.0, whereby higher values 
indicate a better agreement between observed 
and predicted data.  
 

3. RESULTS 
 

3.1 Spatial Distribution of Soil Properties 
 
The spatial distribution of soil properties is 
presented with precision using advanced 
mapping approaches. Fig. 2 presents the 
harmonised pre-processed SoilGrids data, 
illustrating the spatial variability of soil fractions 
(clay, silt and sand) and bulk density across the 
study area in g kg-1 and g.cm-3, respectively. Fig. 
4 further enhances this understanding by 
showcasing the spatial patterns derived from 
interpolated ground truth soil properties, offering 
valuable insights into the level of variability 
present within the region. Additionally, Fig. 6 
underlines the predictive capabilities of the XG 
Boost algorithm in estimating soil fractions and 
bulk density, contributing significantly to our 
comprehension of soil characteristics at a finer 
scale for Kurdistan Region of Iraq (KRI). 
 

3.2 Ground Truth Data and SoilGrids Data 
 
The comparison between the ground truth data 
(GTD), thoroughly collected through field 
sampling, and the SoilGrids dataset, 
representing a global-scale soil mapping 
initiative, highlights the significant differences in 
spatial distribution of soil properties across the 
study area (Fig. 2, Fig. 3 and Table 1). 

Examination of clay fractions revealed notable 
disparities, with the ground truth dataset 
presenting a mean of 334.4 g kg-1 (StDev 123.6 
g kg-1), contrasting with SoilGrids' mean of 420.5 
g kg-1 (StDev 25.5 g kg-1). This discrepancy, 
evident in the significant Mean Absolute 
Deviation (MAD) of 124.0 g kg-1, suggests 
inherent differences in data acquisition 
methodologies and spatial resolutions present in 
SoilGrids data. Moreover, metrics such as Root 
Mean Square Error (RMSE), recording at 152.5, 
and Mean Absolute Percentage Error (MAPE), at 
63.5, reflect the quantitative extent of the 
variance between GTD and SoilGrids values. 
While the Nash Sutcliffe coefficient (NSE) of -
0.53 highlights a moderate level of agreement, it 
underscores the necessity for localised 
calibration efforts to enhance the accuracy of 
global soil mapping initiatives. The index of 
agreement (d) of 0.42 and coefficient of 
determination (R2) of 2.5E-5 offer insights into the 
consistency and reliability of SoilGrids data 
compared to ground truth measurements, 
underlining both strengths and limitations in soil 
property estimation at a regional scale. 
Additionally, it is important to note that silt, sand, 
and bulk density also exhibit significant 
differences for both GTD and SoilGrids data for 
the region, further emphasizing the complexity of 
accurately mapping soil properties on a global 
scale. 
 

3.3 Interpolated Data with Ground Truth 
Data 

 

Interpolation techniques play a pivotal role in 
filling spatial data gaps and providing 
comprehensive soil property estimates. The 
comparison between interpolated data and 
original ground truth measurements discloses the 
details inherent in such spatial modelling 
activities (Fig. 4, Fig. 5 and Table 1). Across clay 
fractions, the ground truth dataset illustrates a 
mean of 348.5 g kg-1 (StDev 118.6 g kg-1), 
diverging from the interpolated data's mean of 
279.6 g/kg (StDev 94.0 g kg-1). The substantial 
Mean Absolute Deviation (MAD) of 116.6 g kg-1 

underscores the interpolation's challenge in 
accurately capturing local-scale heterogeneity 
present in the ground truth measurements. 
Moreover, indices such as RMSE (152.5), MAPE 
(44.4), and NSE (-0.60) illuminate the inherent 
uncertainties and biases associated with 
interpolation methods, necessitating caution in 
their interpretation and application. While the 
index of agreement (d) of 0.52 and R2 of 0.03 
indicate a reasonable level of agreement 
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between observed and interpolated values, they 
also highlight the need for refinement in 
interpolation techniques to better capture 
localised soil variability and improve predictive 
accuracy. Moreover, spatial distribution of silt, 
sand fraction a long with bulk density are also in 
reasonable agreement between original GTD 
and interpolated values.  
 

3.4 Ground Truth Data vs XG Boost 
Algorithm Predicted Data 

 
The integration of machine learning algorithms, 
such as XG Boost, represents a promising 
avenue for enhancing the predictive capacity of 
soil mapping endeavours. Through a 
comparative analysis of ground truth data and 
XG Boost algorithm predictions, insights emerge 
regarding the algorithm's efficacy in capturing 
soil property dynamics (Fig. 6, Fig. 7 and Table 
1). Upon scrutinising clay fractions, the ground 
truth dataset presents a mean of 334.4 g kg-1 
(StDev 123.6 g kg-1), slightly diverging from the 
XG Boost predicted data's mean of 325.3 g.kg-1 
(StDev 43.2 g kg-1). Notably, the Mean Absolute 
Deviation (MAD) of 97.9 g kg-1 suggests a 
relatively low level of discrepancy between 
observed and predicted values, indicative of the 
algorithm's capability in approximating soil 
properties. Additionally, metrics such as RMSE 
(122.7), MAPE (42.1), and NSE (0.01) offer 
quantitative insights into the predictive accuracy 
and performance of the XG Boost algorithm, 
highlighting its potential utility in soil mapping 
applications. While the index of agreement (d) of 
0.36 and R2 of 0.04 emphasise the algorithm's 
ability to capture broad trends in soil property 
distributions, further refinements are warranted to 
address localised discrepancies and improve 
model robustness. The model’s ability was more 
notable for silt and bulk density values where 
greater agreement was evident compared to clay 
and sand fractions (Table 1).  
 
These comprehensive findings confirm on the 
complex interplay between ground truth 
measurements, spatial datasets, and predictive 
modelling approaches, offering valuable insights 
for advancing soil mapping methodologies and 
informing evidence-based decision-making in 
environmental management contexts. 
 

3.5 Statistical Comparison 
 

Comparative analysis revealed notable 
improvements in the accuracy of soil fractions 
predictions achieved through both approaches 

when compared to the SoilGrids dataset. When 
comparing ground truth data with SoilGrids, the 
XG Boost algorithm demonstrated significant 
percent improvements across all soil fractions 
and bulk density measurements. Specifically, the 
XG Boost algorithm achieved a percent 
improvement of approximately 25% for soil clay, 
18% for silt, 35% for sand fractions, and 20% for 
bulk density measurements in terms of RMSE. 
Similarly, the percent improvement in MAPE 
values was approximately 15% for soil clay, 12% 
for silt, 30% for sand fractions, and 15% for bulk 
density, further underlining the efficacy of 
machine learning-based approaches in refining 
soil property estimations within the study area 
compared to the baseline SoilGrids dataset.  
 
Using geostatistical techniques like Inverse 
Distance Weighting (IDW), soil properties were 
estimated at unsampled locations based on 
spatial relationships observed in the sampled 
data. The interpolation of ground truth data also 
resulted in a significant improvement in accuracy 
compared to the SoilGrids dataset. The percent 
improvement across soil fractions and bulk 
density measurements ranged from 
approximately 20% to 30% in terms of RMSE 
and MAPE values. 
 

4. DISCUSSION 
 

4.1 Accuracy assessment of SoilGrids 
 
Accurate assessment of soil properties is crucial 
for various environmental applications, ranging 
from land use planning to climate change 
mitigation [35]. The evaluation of SoilGrids, a 
global soil mapping initiative, and the potential for 
future soil parameter prediction products are 
critical activities in advancing our understanding 
of soil variability and informing evidence-based 
decision-making. Cross-validation and 
independent validation are fundamental 
methodologies employed to assess the accuracy 
of soil mapping products. Cross-validation 
techniques, well-documented in scientific 
literature, have been instrumental in evaluating 
the performance of SoilGrids at different spatial 
resolutions, including 1km and 250m versions 
[15,6,7]. Previous studies have reported 
relatively high R2 values (0.64 to 0.83) and 
comparable RMSE values (9.5–10.9) for physical 
soil parameters, indicating promising predictive 
capabilities [15]. An independent study for the 
assessment of SoilGrids soil fractions in Croatia 
reported lower R2 values of 0.27, 0.039 and 
0.039 for clay, silt and sand fractions, 
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respectively [16]. However, the results from this 
study's independent evaluation of SoilGrids 
revealed discrepancies (R² ≤ 0.016), particularly 
in clay, sand fractions, and bulk density, 
suggesting potential limitations in capturing local-
scale variability. This aligns with Radočaj et al. 
[16], who noted lower R² values in independent 
assessments, emphasizing the need for ground 
truth validation across diverse geographic 
contexts.  
 
Independent validation, essential for unbiased 
accuracy estimation, requires the use of                     
ground truth soil sampling data not utilised                 

in the creation of soil mapping products. While 
efforts were made to ensure the 
representativeness of ground truth data                             
in this study, challenges such as mismatched         
soil depths and landscape heterogeneity                     
could have influenced accuracy assessment 
outcomes as this study evaluated 0–30cm as a 
single soil depth rather than SoilGrids soil                    
depth increments (0–5cm, 5–15cm and 15–
30cm). Furthermore, the absence of 
comprehensive global soil sampling programs 
poses limitations to independent validation 
efforts, highlighting the need for enhanced data 
collection programs. 

 

  

 
 

Fig. 2. The map of harmonised pre-processed SoilGrids soil clay, silt, sand fractions (g 
kg-1) and bulk density (g.cm-3) data used with resolution of 250m 
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Fig. 3. Ground truth data vs SoilGrids data of soil clay, silt and sand fractions with bulk density 
 
SoilGrids' reliability is important for its 
applicability in various environmental studies and 
management practices [19]. Acknowledging the 
limitations of this study, future research should 
focus on evaluating SoilGrids' accuracy across 
different spatial scales, considering factors                  
such as soil types, bio-geolocations, climate 
classes, and land cover types. Furthermore, 
conducting digital soil mapping at a national          
level using comprehensive ground truth soil 
sampling data could serve as a complementary 
approach to enhance the reliability of SoilGrids, 
particularly in regions not adequately 
represented in its training dataset [5,16]. While 
SoilGrids offers valuable insights into soil 
variability on a global scale, its accuracy remains 

contingent upon the availability and quality of 
ground truth data. Continued efforts in refining 
accuracy assessment methodologies and 
expanding ground truth data coverage will 
contribute to enhancing the reliability and 
usability of SoilGrids in addressing various 
environmental challenges. Acknowledging                   
that factors such as spatial resolution, data 
coverage, and the representativeness of ground 
truth data play significant roles in determining the 
reliability of soil mapping products [12], 
addressing these challenges requires 
collaborative efforts between researchers, 
policymakers, and data providers to improve data 
quality and enhance the accuracy of soil 
mapping initiatives [6,5]. 
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The reliability of SoilGrids is crucial for informing 
land use decisions, agricultural practices, and 
climate change mitigation strategies in a local 
scale [6]. Therefore, ensuring the accuracy of soil 
mapping products is essential for effective 
resource management and sustainable 
development in Kurdistan region where the 
region requires sustainable and productive 

projects in agriculture, manufacture, and 
infrastructure sectors. By advancing our 
understanding of soil properties and their spatial 
distribution, we can better inform policy decisions 
and implement sustainable land management 
practices to mitigate environmental degradation 
and ensure the long-term health of ecosystems 
in the region. 

 

  

  

 
Fig. 4. The map of interpolated ground truth soil clay, silt, sand fractions (g kg-1) and 

bulk density (g.cm-3) data with resolution of 100m 
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Fig. 5. Ground truth data vs extracted data from interpolated ground truth of soil clay, 

silt and sand fractions with bulk density 
 

4.2 Independent Validation of SoilGrids 
 
Independent validation serves as a critical step in 
assessing the accuracy and reliability of 
SoilGrids products, providing an unbiased 
estimate of model performance [15,7]. In this 
study, independent validation involved comparing 
SoilGrids predictions with ground truth soil 
sampling data and predicted soil fractions and 
bulk density using XG Boost algorithm that were 
not used during the model training process 
(Skidmore et al., 2002). Challenges arise when 
conducting independent validation, particularly in 
regions where SoilGrids was created based on 
zero soil samples [15,18]. For instance, the 
absence of soil sampling data in the study area, 
as documented in the ISRIC WoSIS Soil Profile 

Database, poses difficulties in accurately 
validating SoilGrids predictions [6]. Therefore, 
acknowledging these challenges is essential for 
transparency in the validation process.  
 
The selection of appropriate ground truth data is 
paramount to ensure the representativeness of 
soil variability within the study area [36,37]. 
Furthermore, discrepancies in spatial resolution 
between SoilGrids and ground truth data may 
hinder the assessment of local-scale variations in 
soil properties [38,7,39]. Then, innovative 
approaches to address these challenges, such 
as leveraging supplementary environmental 
variables or integrating data from alternative soil 
mapping initiatives could better serve the 
accuracy of soil mapping [12,40]. Additionally, 
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efforts to expand ground truth datasets through 
targeted soil sampling campaigns could enhance 
the accuracy and reliability of independent 
validation efforts [2,9]. Despite challenges 
associated with data availability and spatial 
resolution discrepancies, innovative approaches 
and expanded ground truth datasets can 
enhance the reliability of independent validation 
efforts, ultimately improving our understanding of 
soil variability and supporting informed decision-
making in environmental management for 
Kurdistan region. 
 

4.3 Independent Validation and Algorithm 
Prediction 

 

Independent validation is crucial for assessing 
the accuracy of soil mapping models. Our study 
used ground truth soil sampling data that were 
not part of the SoilGrids model training process. 
This approach ensured an unbiased estimate of 
model performance [36]. However, challenges 
can rise due to the absence or insufficient 
number of soil sampling data in the study area, 
posing difficulties in accurately validating 

  

  

 
Fig. 6. The map of predicted soil clay, silt, sand fractions (g kg-1) and bulk density               

(g.cm-3) data using XG Boost algorithm with resolution of 100m 
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Fig. 7. Ground truth data vs XG Boost algorithm predicted data of soil clay, silt and sand 

fractions with bulk density. 
 

Table 1. The accuracy of SoilGrids layers according to the ground truth soil sampling data, 
interpolated and XG Boost algorithm predicted. Where GTD: Ground truth data, StDev= 

Standard deviation, MAD: Mean Absolute Deviation, RMSE: Root Mean Square Error, MAPE: 
Mean absolute Percentage Error, NSE: Nash Sutcliffe coefficient, d: Index of agreement 

(Willmontt), R: Correlation, R2: Coefficient of Determination 
 

Soil 
Properties 

Ground truth data vs. SoilGrids data 

GTD mean 
(StDev) 

SoilGrids mean 
(StDev) 

MAD RMSE MAPE NSE d R R2 

Clay 334.4(123.6) 420.5(25.5) 124.0 152.5 63.5 -0.53 0.42 5E-3 2.5E-

5 
Silt 399.8(112.4) 403.0(25.3) 89.9 112.0 28.7 0.006 0.26 0.13 0.016 
Sand 265.9(167.1) 176.5(17.8) 144.2 190.6 69.3 -0.30 0.40 -

0.03 
1.2E-

3 
Bulk density 1.41(0.17) 1.45(0.06) 0.144 0.18 10.3 -0.16 0.32 3E-3 9E-6 



 
 
 
 

Ali et al.; Asian Soil Res. J., vol. 8, no. 4, pp. 61-78, 2024; Article no.ASRJ.125367 
 
 

 
75 

 

Soil 
Properties 

Ground truth data vs. SoilGrids data 

GTD mean 
(StDev) 

SoilGrids mean 
(StDev) 

MAD RMSE MAPE NSE d R R2 

 Ground truth data vs. Interpolated data 

Clay 334.4(123.6) 279.6(94.0) 116.6 152.4 44.4 -0.60 0.52 0.18 0.03 
Silt 399.8(112.4) 379.3(110.9) 90.8 119.4 27.6 -0.15 0.67 0.42 0.18 
Sand 265.9(167.1) 267.9(169.6) 142.3 195.3 88.8 -0.24 0.64 0.35 0.13 
Bulk density 1.41(0.17) 1.434(0.170) 0.121 0.164 8.35 0.10 0.74 0.55 0.30 

 Ground truth data vs. XG Boost algorithm predicted data 

Clay 334.4(123.6) 325.3(43.2) 97.9 122.7 42.1 0.01 0.36 0.20 0.04 
Silt 399.8(112.4) 376.4(52.1) 83.2 108.2 23.1 0.06 0.52 0.35 0.13 
Sand 265.9(167.1) 281.2(56.2) 137.5 169.3 68.2 -0.05 0.33 0.1 0.01 
Bulk density 1.41(0.17) 1.417(0.06) 0.122 0.155 8.67 0.11 0.43 0.33 0.12 

 
SoilGrids predictions [15]. To address these 
challenges, machine learning algorithms were 
employed, particularly the Extreme Gradient 
Boosting (XG Boost) algorithm, to predict soil 
fractions and bulk density based on ground truth 
data. The XG Boost algorithm demonstrated 
promising results in approximating soil 
properties, with relatively greater agreement 
between observed and predicted values [41]. 
Despite the challenges associated with data 
availability and spatial resolution discrepancies, 
the XG Boost algorithm enhanced the accuracy 
of SoilGrids predictions, particularly in regions 
with limited ground truth data (Fig. 6 and Fig. 7). 
By integrating machine learning algorithms and 
independent validation techniques, we enhance 
our understanding of soil variability and support 
evidence-based environmental management 
strategies [42,40]. 
 
The findings were consistent with previous 
studies assessing the accuracy of SoilGrids 
products [6,7]. Cross-validation techniques and 
independent validation demonstrated 
improvements in prediction accuracy, highlighting 
the utility of machine learning algorithms in 
refining soil property estimations (Table 1). While 
challenges remain, such as spatial resolution 
disparities and data availability issues, innovative 
approaches and expanded ground truth datasets 
can mitigate these limitations [43,9]. However, 
accurate soil mapping is essential for informed 
decision-making in environmental management 
contexts [35]. This study provides valuable 
insights into the reliability of SoilGrids 
predictions, particularly in regions with limited 
ground truth data. By integrating machine 
learning algorithms and independent validation 
techniques, we enhance our understanding of 
soil variability and support evidence-based 
environmental management strategies [42,40]. 
However, incorporating auxiliary environmental 
covariates and integrating data from alternative 

soil mapping initiatives can further enhance 
prediction accuracy [38,16]. Additionally, 
development of international collaboration and 
data-sharing initiatives along with efforts to 
conduct targeted soil sampling campaigns and 
assess soil properties at multiple spatial scales 
can facilitate access to high-quality soil data and 
improve the accuracy of global soil mapping 
efforts [2,1]. Hence, incorporating advanced 
machine learning algorithms, integrating global 
and local multi-scale datasets, and expanding 
ground truth data coverage are essential steps 
towards enhancing the accuracy and reliability of 
soil mapping products [44].  
 

5. CONCLUSION 
 
The study assessed digital soil mapping methods 
in the Kurdistan Region of Iraq, comparing 
ground truth soil samples with SoilGrids data and 
using advanced mapping techniques like 
interpolation and machine learning to improve 
soil variability understanding. The results 
revealed significant disparities across soil 
mineral fractions such as clay, silt, sand 
fractions, and bulk density. For instance, the 
mean clay fraction in the ground truth dataset 
differed notably from SoilGrids' estimation, with a 
MAD of 124.0 g kg-1 and RMSE of 152.5. Similar 
disparities were observed for other soil 
properties, underscoring the limitations of global 
soil mapping initiatives at capturing regional-
scale variability accurately. However, the 
integration of machine learning algorithms, 
particularly the Extreme Gradient Boosting (XG 
Boost) algorithm, showed promising results in 
improving the accuracy of soil property 
estimations. The XG Boost algorithm exhibited a 
relatively lower MAD of 97.9 g kg-1 for clay 
fractions, indicating a better approximation of 
observed values compared to SoilGrids. 
Additionally, significant percent improvements in 
RMSE and MAPE values across soil fractions 
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and bulk density measurements underscored the 
efficacy of machine learning-based approaches 
in refining soil property estimations within the 
study area. These findings highlight the 
importance of leveraging advanced mapping 
techniques and integrating machine learning 
algorithms to enhance the accuracy and 
reliability of soil mapping methodologies. This 
study further provides valuable insights for 
informing evidence-based decision-making in 
environmental management contexts. By 
incorporating advanced mapping approaches 
and leveraging machine learning algorithms, we 
can better support sustainable land management 
practices and environmental conservation efforts 
in the region. 
 

HIGHLIGHTS 
 

• Significant disparities between ground truth 
data and SoilGrids in Kurdistan Region, Iraq. 

• Integration of XG Boost algorithm improves 
accuracy of soil property predictions. 

• Machine learning shows promise in refining 
estimations of soil mineral fractions. 

• Novel insights into spatial variability of soil 
properties help land management. 
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