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Abstract

To investigate soil available iron content and its spatial distribution in hilly
agricultural regions, this study selected a typical hilly area (2 km?2) with homo-
geneous parent material within Yongxing Town, Jiangjin District, Chongqing,
as the study area. A total of 309 soil samples were collected, and Ordinary
Kriging (OK), Multiple Linear Regression (MLR), and Random Forest (RF)
models were employed in combination with topographic factors including eleva-
tion, slope gradient, aspect, valley depth, plan curvature, profile curvature, con-
vergence index, relative slope position index, and topographic wetness index to
predict the spatial distribution of soil available iron. The prediction models were
evaluated and selected using 85 validation points. The results indicated that: (1)
soil available iron exhibited a highly significant positive correlation with valley
depth and topographic wetness index, and a highly significant negative correla-
tion with slope gradient, plan curvature, profile curvature, convergence index,
and relative slope position index; (2) the Random Forest model demonstrated
significantly higher prediction accuracy than Multiple Linear Regression and
Ordinary Kriging interpolation, with a mean absolute error of 22.33 mg - kg-1,
a root mean square error of 27.98 mg - kg-1, and a coefficient of determination
of 0.76, establishing it as the optimal prediction model for spatial distribution
of soil available iron content in the study area; (3) topographic wetness index
and slope gradient were the primary topographic factors influencing the spa-
tial distribution of soil available iron content in this region. Consequently, the
Random Forest prediction model based on topographic factors can effectively
explain the spatial variation of soil available iron content in hilly farmland, pro-
viding methodological reference and theoretical basis for predicting the content
and spatial distribution of medium and trace elements in soils of hilly regions.
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Abstract

Soil available iron is essential to plant growth, and detailed information about its
spatial distribution is important for effective soil fertility management. To date,
published works have mainly focused on investigating the spatial variability of
soil available iron, with fewer studies predicting its spatial distribution. To un-
derstand the spatial distribution of soil available iron in hilly areas of southwest
China, we conducted a study in 2014 in a typical hilly region with uniform soil
parent material covering 2 km? in Yongxing Town, Jiangjin District, Chongqing.
A total of 309 samples were collected from the cultivated soil layer at a depth of
20 cm and randomly divided into calibration (224 samples) and validation (85
samples) datasets. Nine terrain attributes—elevation, slope, aspect, valley depth,
horizontal curvature, profile curvature, convergence index, relative position in-
dex, and topographic wetness index—were extracted from a 2 m resolution digital
elevation model. Ordinary Kriging (OK), Multiple Linear Regression (MLR),
and Random Forest (RF) models were used to predict soil available iron content
based on these terrain attributes. Accuracy indicators including mean absolute
error (MAE), root mean square error (RMSE), and coefficient of determination
(R?) were applied to evaluate model performance using the validation dataset.
Correlation results showed that topographic wetness index and valley depth had
significant positive correlations with soil available iron, while slope, horizontal
curvature, profile curvature, convergence index, and relative position index had
significant negative correlations. Compared with OK and MLR methods, the
RF model performed best with MAE of 22.33 mg - kg !, RMSE of 27.98 mg -
kg !, and R? of 0.76. Additionally, RF model results indicated that topographic
wetness index and slope were the major factors controlling the spatial distribu-
tion of soil available iron. Therefore, the Random Forest model combined with
terrain attributes can effectively explain the spatial variability of soil available
iron in this area. The outcomes of this work provide valuable information for
predicting the spatial distribution of soil trace elements in hilly regions.

Keywords: terrain attribute; random forest model; soil available iron; spatial
distribution prediction
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Iron is an essential component of cytochromes and enzymes in plants, playing a
vital role in metabolic processes such as photosynthesis and respiration, thereby
affecting crop yield and quality [1-3]. Soil available iron, as the plant-available
form of iron, serves as an important reference for soil iron supply capacity [4].

The content and spatial distribution of soil available iron are influenced by many
factors, including soil parent material, climate, topography, soil nutrients, and
tillage practices [5-7], resulting in large regional variations that affect normal
plant growth. Hills are a widely distributed landform type, and accurately
predicting the spatial distribution of soil available iron in hilly areas and under-
standing its spatial variability characteristics and relationship with topography
are of great significance for soil fertility evaluation and agricultural land use
planning. However, current research on spatial distribution prediction of soil
properties in hilly areas has mainly focused on soil organic matter and macronu-
trients [8-9], while studies on soil available iron have concentrated primarily on
spatial characteristic analysis. For example, Liao et al. [10] investigated the
spatial variability and distribution patterns of soil available iron in farmland
topsoil, Du et al. [11] studied the abundance and spatial variability characteris-
tics of topsoil available iron, and Liu et al. [12] comprehensively evaluated the
spatial pattern variability of soil available iron.

To date, methods for soil property spatial prediction have evolved from tradi-
tional soil mapping to digital soil mapping, mainly including geostatistical meth-
ods [13], linear regression models [14-15], and machine learning algorithms [16-
18]. Geostatistical methods [19] in soil property spatial prediction are mathemat-
ical geological approaches based on regionalized variables and spatial correlation-
variogram analysis [20]. However, actual conditions sometimes fail to meet
second-order stationary or intrinsic assumptions, making it unreliable to apply
geostatistics for soil property spatial prediction [21]. The prerequisite for con-
structing linear regression models is a linear relationship between soil properties
and predictive variables, yet in reality their relationship is often nonlinear and
complex [22]. Machine learning algorithms such as Decision Trees (DT) [23],
Support Vector Machine (SVM) [24], and Back Propagation Neural Networks
(BPNN) [25] have also been applied to soil property mapping in recent years.
However, these models are prone to overfitting [26-27] and other defects. The
Random Forest model, also a type of machine learning algorithm, overcomes
these deficiencies to some extent, improves prediction accuracy, and provides an
effective improvement and timely supplement to soil property spatial prediction
methods. Guo et al. [28] used the Random Forest model combined with envi-
ronmental variables to predict soil total nitrogen, achieving significantly higher
accuracy than stepwise linear regression, generalized additive mixed models, and
classification and regression tree models. Wang et al. [29] used remote sensing
data to extract auxiliary environmental factors combined with Random Forest
algorithm to predict topsoil organic matter in hilly areas, demonstrating that
Random Forest models are more effective for prediction in complex geomorphic
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regions.

At a certain regional scale, structural factors such as climate and soil parent
material are relatively consistent, while topography redistributes water and heat
conditions and affects soil development [30], becoming the main factor causing
spatial variability of soil properties [31-32]. Therefore, many recent studies on
soil property prediction have considered terrain factors as important predictive
variables. Lian et al. [33] applied terrain factors and remote sensing indices to
analyze the relationship between soil properties and environment and conduct
spatial prediction. Grimm et al. [34] used terrain factors and soil parent material
as auxiliary variables to predict soil organic carbon. Zhang et al. [35] established
a spatial distribution prediction model for soil nutrients using terrain factors and
vegetation indices.

This study aims to use only terrain factors as predictive variables and apply the
Random Forest model to predict the spatial distribution of soil available iron
content in hilly areas, providing methodological reference and theoretical basis
for spatial distribution prediction of medium and trace elements in hilly region
soils.

1.1 Study Area Description

This study was conducted in a typical hilly area within Yongxing Town,
Jiangjin District, Chongqing, located between 106°09 27 -106°10 9 E and
29°00 10 -29°00 9 N, covering approximately 2 km2. The region has a subtrop-
ical monsoon climate with an average annual temperature of 18 °C, annual
sunshine hours of 1,253, annual precipitation of 900 mm, and a frost-free period
of 335 days. The study area features hilly landforms with elevations ranging
from 238 to 328 m. The soil parent material is Jurassic Shaximiao Formation
purple sandstone and shale. Land use types consist of over 70% cultivated
land, mainly dryland and paddy fields. According to soil genesis classification,
dryland soils belong to the purple soil class, neutral purple soil subclass, and
gray-brown purple soil genus; paddy field soils belong to the paddy soil class,
gleyed paddy soil subclass, and gleyed purple soil genus.

1.2 Soil Sample Collection and Chemical Analysis

Based on topographic maps and 1:1,000 land use status maps, 309 soil sampling
points (258 dryland and 51 paddy field) were established following the prin-
ciples of uniformity and representativity according to the National Technical
Regulations for Cultivated Land Quality Survey and Evaluation, with sampling
points distributed across different topographic positions and aspects [Figure 1:
see original paper|. Soil samples were collected in November 2014, with coor-
dinates and other information recorded for each point. At each sampling site,
soil was collected along an “S” pattern from the 0-20 cm tillage layer using
10 soil cores and mixed into approximately 1 kg samples using the quartering
method. Samples were air-dried, ground, and sieved in the laboratory, and
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soil available iron content was determined using the DTPA extraction-atomic
absorption spectrometry method [36].

1.3 Terrain Attribute Extraction

Based on the study area scale and landform characteristics, 6,373 elevation
points and 1 m contour interval topographic maps were obtained through field
measurements. In ArcGIS, the 3D Analyst module was used to create a TIN
surface from elevation points and contour lines, which was then used to generate
a 2 m resolution Digital Elevation Model (DEM). Drawing on relevant research
regarding terrain and soil nutrients [37], nine terrain attributes were selected:
Elevation (Ele), Slope (Slo), Aspect (Asp), Valley depth (Vd), Horizontal cur-
vature (Hc), Profile curvature (Pc), Convergence index (Ci), Relative position
index (Rpi), and Topographic wetness index (Twi). The meanings of these ter-
rain attributes are described in [38], and they were extracted using SimDTA
software [39]. Referencing studies on the relationship between DEM spatial
resolution and terrain information [40-41], the original DEM was resampled to
compare the effects of different DEM resolutions (2 m, 5 m, 10 m, 15 m, 30 m)
on prediction results. When the DEM spatial resolution was 2 m, the model
achieved the highest prediction accuracy; therefore, a 2 m resolution DEM was
selected for this study.

1.4.1 Ordinary Kriging

Ordinary Kriging (OK) is a fundamental geostatistical method based on vari-
ogram theory and structural analysis. It provides unbiased optimal estimation
of regionalized variables within a certain area through linear combination of
known sampling point data [42].

n

Z*(zg) = Z)‘iz(ffi>

i=1

where Z*(z,) represents the estimated value at point x,, Z(x;) represents the
i-th effective observation value (i = 1,2,3,...,n), and \; are weights generated
through the semivariogram with Z?:l A =1

1.4.2 Multiple Linear Regression

Multiple Linear Regression (MLR) is based on ordinary least squares and ex-
amines the linear relationship between a dependent variable and multiple inde-
pendent variables under given data conditions [43]. It is widely applied in soil
nutrient spatial distribution prediction, with the expression:

Yi = Bo + Bixy; + Bazo; + Baxs; + oo + By,
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where z;, (i = 1,2,3,...,n) represent independent variables, and vy;
(t = 0,1,2,...,n) and B; (j = 0,1,2,...,n) represent dependent variables
and regression coefficients, respectively.

1.4.3 Random Forest Model

Random Forest (RF) is a versatile machine learning algorithm based on classifi-
cation trees. It uses bootstrap resampling to randomly extract multiple samples
from the original dataset for decision tree model construction, with final results
obtained through voting across multiple trees. Random Forest regression has
no requirements for data distribution, type, or structure, demonstrates good
tolerance to noise and outliers, and is not prone to overfitting [44].

1.5 Semivariogram Function

The semivariogram function studies soil property variability and can determine
the spatial correlation of soil attributes [45], expressed as:

N(h

)
r(h) = [2(2; + h) — 2(x,)]”

1
2N(h) ~=
where r(h) represents the average semivariance between point pairs at distance
h, N(h) represents the number of point pairs at distance h, and z(x;) denotes
the observed value at point ;.

1.6 Model Construction and Accuracy Evaluation

In this study, 224 sampling points (190 dryland and 34 paddy field) were ran-
domly selected as the training set for model construction, while the remaining
85 points (68 dryland and 17 paddy field) served as the validation set for ac-
curacy evaluation. The Ordinary Kriging method estimates unknown points
based on known data without requiring predictive variables, and interpolation
was performed in ArcGIS using the exponential model obtained from semivari-
ance analysis. Multiple Linear Regression was calculated using SPSS software,
while the Random Forest model was implemented using the RandomForest pack-
age [46] in R software, with parameters ntree (number of decision trees) and
mtry (number of splits per tree node) set to 150 and 3, respectively.

Model prediction accuracy was evaluated using mean absolute error (MAE),
root mean square error (RMSE), and coefficient of determination (R?). Smaller
MAE and RMSE values and larger R? values indicate higher model prediction
accuracy. The calculation formulas are as follows:

1 n
MAE = =) "|M, - P,|
n <
i=1
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where M represents measured values, P represents predicted values, M is the
mean of measured values, and n is the number of validation samples.

2.1 Descriptive Statistics of Soil Available Iron

The statistical results of soil available iron content in the study area are pre-
sented in Table 1 . The training set showed a slightly larger range of soil available
iron content (3.00-276.97 mg - kg ) compared to the validation set (4.20-208.38
mg - kg 1), and a higher standard deviation (57.35 mg - kg ! versus 53.85 mg -
kg '). Analysis of variance indicated no significant difference between training
and validation sets, demonstrating that both datasets were representative of
soil available iron content in the study area. The coefficient of variation for
both training and validation sets exceeded 1, indicating significant differences
in soil available iron content among sampling points and strong variability, con-
sistent with results from Xu et al. [47] who studied spatial distribution of topsoil
available iron in the middle reaches of the Tuojiang River using geostatistical
methods. Skewness values for both datasets were greater than 1, and K-S test
results showed p-values less than 0.05, indicating that soil available iron content
did not follow a normal distribution. However, log-transformed soil available
iron data followed a normal distribution and could be used for multiple linear
regression simulation and Ordinary Kriging interpolation.

2.2 Semivariance Analysis of Soil Available Iron

Based on the statistical results of soil available iron content, semivariance anal-
ysis was performed using GS+ software, with the optimal fitting model and
characteristic parameters presented in Table 2 . The nugget-to-sill ratio (basal
effect) indicates the strength of spatial correlation, with values less than 25%
representing strong spatial correlation, greater than 75% representing weak cor-
relation, and 25%-75% indicating moderate spatial autocorrelation. The basal
effect for soil available iron was 14.5%, demonstrating strong spatial correlation
and indicating that differences in soil available iron content among sampling
points were mainly influenced by structural factors such as climate, soil parent
material, and topography. Since this study area is a small-scale hilly region
with identical soil parent material and consistent climatic conditions, topogra-
phy emerges as the primary factor influencing the spatial distribution of soil
available iron.
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2.3 Correlation Between Soil Available Iron and Terrain Attributes

Table 3 presents correlations between soil available iron and terrain attributes.
Soil available iron showed highly significant correlations with slope, valley depth,
horizontal curvature, profile curvature, convergence index, relative position in-
dex, and topographic wetness index, indicating that soil available iron in the
study area was significantly affected by terrain factors. Specifically, soil avail-
able iron had highly significant positive correlations with valley depth and topo-
graphic wetness index (correlation coefficients of 0.298 and 0.592, respectively),
suggesting that areas with low elevation and high soil moisture facilitate accumu-
lation of soil available iron. Conversely, highly significant negative correlations
were observed with slope, horizontal curvature, profile curvature, convergence in-
dex, and relative position index (correlation coefficients of -0.371, -0.327, -0.228,
-0.174, and -0.428, respectively), indicating that areas with high elevation and
rugged terrain had lower soil available iron content.

2.4 Comparison of Soil Available Iron Content Across Land Use Types

Table 4 compares soil available iron content across different land use types in
the study area. Dryland samples (190) far outnumbered paddy field samples
(34), likely because dryland terrain is more complex with smaller, fragmented
plots, making soil available iron content more susceptible to terrain influences.
Analysis of variance revealed that soil available iron content in paddy fields
(151.04 + 11.54 mg-kg ') was significantly higher than in dryland (31.85 £ 2.20
mg - kg ). The coefficient of variation for dryland soil available iron (0.95) was
greater than for paddy fields (0.45), though both showed moderate variability
(coefficient of variation between 0.1 and 1 indicates moderate variation), indi-
cating certain differences in soil available iron content among sampling points
within the same land use type.

2.4 Comparison of Model Prediction Accuracy for Soil Available Iron
Content

Model prediction accuracy was evaluated using 85 sampling points (68 dryland
and 17 paddy field), with results shown in Table 5 . The Random Forest (RF)
model achieved significantly lower mean absolute error (MAE = 22.33 mg-kg ')
and root mean square error (RMSE = 27.98 mg - kg '), and higher coefficient
of determination (R? = 0.76) compared to Ordinary Kriging (OK) and Multi-
ple Linear Regression (MLR). The MLR model could only fit basic linear rela-
tionships between soil available iron and terrain factors, limiting its predictive
accuracy for nonlinear relationships. The OK model showed lower prediction
accuracy because it relied solely on the spatial autocorrelation of soil available
iron without considering environmental factors such as topography. In contrast,
the RF model fully considered terrain influences on soil available iron and cap-
tured complex nonlinear relationships, resulting in higher prediction accuracy.
These results demonstrate the superiority of the RF model and the feasibility
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of using terrain factors to predict soil available iron spatial distribution at small
watershed scales in hilly farmland.

Given the significant differences in soil available iron content between land use
types (dryland versus paddy field), it was necessary to consider land use effects
in model construction. Since land use type is a qualitative variable, the Ran-
dom Forest model, which better accommodates qualitative variables than MLR,
can capture more effective information between land use type and soil available
iron. To test whether including land use type could further improve RF model
prediction accuracy, land use type (dryland, paddy field) was added as a pre-
dictive variable to the RF model. The resulting terrain-and-land-use-based RF
model showed decreased prediction accuracy (MAE = 23.77 mg - kg !, RMSE
= 32.95 mg - kg !, R? = 0.66). This decline occurred because paddy field and
dryland distributions are closely related to terrain [48-50]; land use type repre-
sents a comprehensive, holistic, qualitative expression of terrain that interferes
with, masks, and creates collinearity with other terrain factors, preventing full
expression of each terrain factor’ s contribution to the model and increasing pre-
diction errors. Based on comprehensive accuracy evaluation, the optimal model
for predicting soil available iron content in this study area is the Random Forest
model based solely on terrain factors.

2.5 Influence of Terrain Attributes on Spatial Variation of Soil Avail-
able Iron Content

Figure 2 [Figure 2: see original paper]| illustrates the influence of terrain at-
tributes on the Random Forest prediction model for soil available iron content.
As one of the five soil-forming factors, topography affects material and energy
exchange between soil and environment, causing changes in soil physicochemi-
cal properties and nutrients [51-52]. The results show that topographic wetness
index (Twi) and slope (Slo) are the primary terrain factors influencing soil avail-
able iron spatial distribution. Slope indirectly affects soil fertility characteris-
tics by influencing rainfall and infiltration time, surface soil particle movement,
runoff sediment-carrying capacity, and erosion patterns [53-55]. Topographic
wetness index quantitatively simulates soil moisture content and runoff gen-
eration potential, with higher values indicating greater soil moisture [56-58].
Correlation analysis revealed that soil available iron content was highly signifi-
cantly positively correlated with topographic wetness index (0.592) and highly
significantly negatively correlated with slope (-0.371). These findings indicate
that as slope increases, terrain steepness intensifies, rainfall erosion on soil in-
tensifies, and soil nutrients (including available iron, total iron, and organic
matter) are severely lost through leaching. Low total iron content directly leads
to insufficient available iron, while lack of organic matter also causes available
iron deficiency. Conversely, as topographic wetness index increases, soil mois-
ture content rises, creating relatively anaerobic conditions. Under such poorly
aerated conditions, soil reducibility increases, facilitating conversion of Fe3 to
Fe? and promoting soil available iron accumulation [59-60].
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2.6 Spatial Distribution Prediction of Soil Available Iron

Applying the Random Forest prediction model with terrain attributes as inde-
pendent variables, a spatial distribution map of soil available iron content was
generated in ArcGIS [Figure 3: see original paper|. The distribution pattern
of soil available iron content is closely related to study area topography. Steep
terrain areas show lower soil available iron content due to intensified soil erosion
and leaching caused by rainfall, leading to loss of soil available iron and other
nutrients. Low-lying areas exhibit higher soil available iron content because lost
soil nutrients accumulate in depressions, and high soil moisture content creates
reducing conditions that further enhance soil available iron content.

Conclusions

This study first used terrain attributes as predictive variables to predict the spa-
tial distribution of soil available iron in the study area using Ordinary Kriging,
Multiple Linear Regression, and Random Forest models, selecting the superior
Random Forest model. By comparing a terrain-and-land-use-based Random
Forest model, we concluded that the optimal prediction model for soil available
iron content in this study area is the Random Forest model based on terrain
attributes.

1. Study area topography is closely related to the spatial distribution of soil
available iron content. Soil available iron showed highly significant cor-
relations with slope, valley depth, horizontal curvature, profile curvature,
convergence index, relative position index, and topographic wetness in-
dex. Spatial variation of soil available iron content is mainly influenced
by structural factors.

2. The Random Forest model using terrain attributes as independent vari-
ables achieved MAE of 22.33 mg- kg !, RMSE of 27.98 mg-kg !, and R? of
0.76, significantly outperforming other prediction models. This approach
can serve as a new model for predicting the spatial distribution of medium
and trace elements in soil using terrain attributes.

3. Topographic wetness index and slope are the main terrain factors affecting
the spatial distribution of soil available iron content in this region.

The Random Forest model effectively captured the relationship between terrain
attributes and soil available iron content in the study area, explaining 76% of
the spatial variability in soil available iron using terrain factors alone, though
prediction accuracy could be further improved. Future research should con-
sider incorporating additional environmental variables and screening predictive
variables to enhance Random Forest model accuracy for spatial distribution
prediction of medium and trace elements in soil.
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