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Abstract: In this study, the main objective is to evaluate soil erosion
susceptibility in the mountainous region of Nghe An Province using three deep
learning models: Long Short-Term Memory (LSTM), Deep Neural Network
(DNN), and Deep Attention Network (DaNet). A total of 685 erosion points were
identified from field surveys and satellite imagery, and nine spatial conditioning
factors were used, including slope, aspect, curvature, elevation, rainfall,
Normalized Difference Vegetation Index (NDVI), soil type, distance to faults,
and geology. The dataset was split into 70% for training and 30% for validating.
Various validation metrics including area under the ROC curve (AUC) were
used for validation and comparison of the models. The results show that among
the tested models, DaNet showed the highest predictive performance,
achieving an AUC of 0.936 on the training dataset and 0.852 on the validating
dataset compared with other deep learning models (DNN and LSTM). The
susceptibility map produced by DaNet demonstrated strong spatial alignment
with real-world erosion occurrences, with 59.88% of observed erosion points
located in the very high susceptibility class and 18.52% in the high class,
totaling 78.4% of all erosion events. These results confirm DaNet's
effectiveness in capturing complex spatial patterns and delivering reliable
erosion risk predictions, supporting its use for land-use planning.

Keywords: Soil Erosion, Deep Learning, Deep Attention Network, GIS,
Vietnam.

1. Introduction

Soil erosion is one of the main causes of land
degradation on a global scale, directly affecting
food security, crop productivity, and ecosystem
stability. Each year, the world loses approximately

12—15 tons of soil per hectare, equivalent to 0.9—
0.95 mm of topsoil, due to erosion [1]. Among the
various types, water-induced soil erosion is the
most common and complex form, occurring
through a sequence of processes over space and
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time. It begins with rain splash erosion, where soil
particles are detached from the surface due to the
mechanical impact of raindrops and subsequently
transported by surface runoff. As runoff becomes
more concentrated, rill erosion develops, which
can then evolve into gully erosion, causing
substantial topsoil loss and altering the natural
terrain [2]. The consequences go beyond just soil
loss and include nutrient depletion, sedimentation,
increased occurrence of mudflows, and the
deterioration of soil ecological functions. Steep-
slope regions, particularly in mountainous and
humid tropical areas, are more severely affected
due to the combination of several adverse factors
such as high seasonal rainfall, rugged topography,
reduced vegetation cover, and unsustainable land
use practices.

Soil erosion results from the complex
interaction between natural and anthropogenic
factors [3]. On the natural side, key determinants
include slope gradient, soil type, rainfall intensity,
vegetation cover, and watershed morphology.
Meanwhile, human induced activities such as
deforestation, slash and burn agriculture,
unsustainable farming on sloped land, and
unplanned road construction have severely
damaged the soil surface, reducing its protective
and moisture-retention capabilities, thereby
accelerating erosion rates many times higher than
under natural conditions. Particularly in the context
of climate change, the increasing frequency and
intensity of extreme rainfall events have made
even previously less vulnerable areas more
erosion prone. This highlights the urgent need for
accurate assessment of erosion susceptibility to
support sustainable land use planning and the
design of effective erosion control strategies.

Numerous studies around the world have
been conducted to assess soil erosion using
various methods, in which empirical models such
as USLE and its improved version RUSLE have
been the main tools for evaluating erosion at
watershed or national scales due to their simplicity,
low data input requirements, and ease of
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implementation [4]. However, the inherent
limitations of these models lie in their empirical
nature and simplification. Specifically, they assume
linear relationships among erosion factors,
produce long-term average results, and are unable
to simulate temporal dynamics nor can they
accurately reflect the spatial variability of the
erosion process. To overcome these drawbacks,
mathematical and physically based models have
been developed to more precisely describe the
sequence of erosion processes: rainfall, runoff, soil
detachment, sediment transport, and deposition.
Such models are capable of providing detailed
spatial and temporal information, allowing for
evaluation of the impacts of individual rainfall
events or specific land management practices on
erosion. However, their disadvantages include the
need for large volumes of high-quality input data
(e.g., high-resolution topographic maps, real-time
rainfall data, and detailed physical and chemical
soil properties), as well as the calibration of many
empirical parameters [5]. In addition, their high
computational cost and complex simulation
procedures make them difficult to apply on a large
scale, and they are generally only suitable for in-
depth studies or small watershed applications
where sufficient data and resources are available.

Recently, artificial intelligence methods such
as machine learning and deep learning have been
proven to be effective tools for predicting and
mapping soil erosion susceptibility [6]. Unlike
traditional physical or empirical models with fixed
formulas, machine learning techniques allow
models to be trained directly from observed data on
erosion and influencing factors. Many studies have
shown that machine learning models achieve high
accuracy in assessing soil erosion susceptibility,
and in many cases, even outperform classical
models. Specifically, algorithms such as Random
Forest (RF) [7], Support Vector Machine (SVM) [8],
Artificial Neural Networks (ANN) [9], Decision
Trees [10] and Ensemble methods (AdaBoost,
Gradient Boosting, ...) [11] have been successfully
applied to build soil erosion susceptibility maps in
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many parts of the world. Garosi et al. (2019)
applied RF, SVM, Naive Bayes (NB) and GAM
models to predict rill erosion, and stated that RF
model outperformed the others for rill erosion
susceptibility modeling [12]. lkram et al. (2025)
integrated intelligent optimization algorithms such
as Biogeography-Based Optimization (BBO), Salp
Swarm Algorithm (SSA), and Whale Optimization
Algorithm (WOA) with artificial neural network
(ANN) models to predict soil erosion susceptibility,
and proven that the SOS-MLP model achieved the
highest performance compared with other models
such as BBO-MLP and WOA-MLP [13]. In addition
to traditional machine learning, deep learning
algorithms such as Convolutional Neural Networks
(CNN) [14], Recurrent Neural Networks (RNN) [15]
and Long Short-Term Memory (LSTM) [15] have
also been applied in soil erosion susceptibility
studies. For instance, Khosravi et al. (2023)
conducted one of the first studies to quantify the
potential of deep learning models in erosion
susceptibility mapping including CNN, RNN and
LSTM models at a watershed in Iran, and the
results showed that all three models performed
very well, with the RNN model achieving higher
accuracy than both CNN and LSTM [2].

In Vietnam, the application of deep learning
techniques in soil erosion research has only begun
in recent years [16]. Most previous studies focused
on empirical methods or initially experimented with
some traditional machine learning models; the
number of studies applying deep neural networks
combined with SHAP interpretation methods in soil
erosion assessment remains very limited [17].
Therefore, the main objective of this study is to
investigate and compare three deep learning
models including LSTM, DNN, and Deep Attention
Network (DaNet) for soil erosion susceptibility
modeling and mapping in the mountainous area of
Nghe An, Vietnam. Various validation indicators
including area under the ROC curve (AUC) were
used for validation and comparison of the models.
In addition, SHapley Additive exPlanations (SHAP)
and Local Interpretable Model-Agnostic
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Explanations (LIME) analysis were also used for
interpretation of the model’'s performance.

2. Methods used

2.1. Deep Attention Network (DaNet)

DaNet is a deep learning architecture that
integrates attention mechanisms into conventional
neural network structures to enhance feature
representation and model interpretability [18]. Its
core principle relies on dynamically assigning
weights to different parts of the input data, allowing
the network to focus selectively on the most
informative features while suppressing irrelevant or
redundant information. Typically, attention layers
are incorporated into convolutional or recurrent
frameworks, enabling the model to capture both
local and global dependencies more effectively. By
guiding the learning process toward critical spatial
or temporal regions, DaNet improves both
prediction accuracy and robustness across diverse
tasks [19]. This makes it particularly well-suited for
applications involving heterogeneous input data,
such as environmental modeling, image analysis,
and sequential forecasting, where understanding
the contextual importance of input variables is
essential.

2.2. Deep Neural Network (DNN)

DNN operates based on the principle of
nonlinear function approximation through multiple
fully connected layers [20]. The model transforms
input  data into  progressively  abstract
representations using nonlinear  activation
functions, while weight optimization is performed
through backpropagation. Over iterative training,
the network learns implicit relationships between
input and output variables without relying on
predefined spatial or sequential structure. DNNs
are typically applied when the objective is to
capture complex underlying relationships in
aggregated datasets where the data do not
inherently exhibit ordered or spatial relationships
[21].

2.3. Long Short-Term Memory (LSTM)

LSTM represents a deep recurrent

architecture developed to model sequential data or
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information with temporal dependencies [22]. It
employs a gated structure consisting of an input
gate, forget gate, and output gate to regulate the
flow of information during training. This mechanism
allows the model to selectively store, update, or
discard information over time, enabling the
retention of long-range dependencies while
mitigating vanishing or exploding gradients often
encountered in traditional recurrent neural
networks [23]. As a result, LSTM is appropriate for
learning dynamic patterns where sequence
continuity and temporal context are critical to
model representation.

2.4. Validation methods

2.4.1. Receiver operating characteristic curve
(ROC)

ROC curve is employed as an evaluation tool
to assess the classification capability of the
developed models [24-26]. This graphical
representation illustrates the relationship between
the True Positive Rate (TP) and the False Positive
Rate (FP) across a range of -classification
thresholds, thereby demonstrating how effectively
the model can distinguish between the two data
classes. The metric associated with the ROC curve
is the Area Under the Curve (AUC), which serves
as a comprehensive indicator of classification
performance: a value approaching 1 reflects strong
separability between classes, whereas a value
near 0.5 indicates that the model performs at a
level similar to random classification [27]. Values of
AUC can be calculated by following equation:

AUC = (> TP+ TN)

(P+N)

(1)

where, TP is the number of Soil erosions that is
correctly classified, TN is the number of incorrectly
classified Soil erosions, P is the total number of Soil
erosions and N is the total number of non-Soil
erosions.
2.4.2. Statistical Indexes

Other statistical indicators used for model
assessment include Positive Predictive Value
(PPV), Negative Predictive Value (NPV), sensitivity
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(SST), specificity (SPF), accuracy (ACC), Cohen’s
Kappa coefficient (K), Root Mean Square Error
(RMSE), and Mean Absolute Error (MAE) [28, 29].
Among these, the Kappa coefficient measures the
level of agreement beyond random chance, with
values ranging from 0 to 1. A value closer to 1
indicates higher reliability and stronger agreement
between predicted and observed classifications,
whereas values approaching 0 suggest weak or
random agreement. RMSE represents the squared
deviation between observed and predicted values,
while MAE measures the average magnitude of the
prediction error regardless of direction [30, 31]. A
model is considered to perform well when the
statistical indicators such as SPF, PPV, NPV, ACC,
SST, and K demonstrate high values, while error-
based metrics including RMSE and MAE show
decreasing trends [32-35].

2.5. SHapley Additive exPlanations (SHAP)
analysis

SHAP method was applied to interpret the
contribution of each input variable to the model’s
prediction results. SHAP is grounded in
cooperative game theory, where each variable is
conceptualized as an independent “player”
contributing to the final prediction generated by the
model [36]. Through the computation of Shapley
values, the method quantifies the marginal
contribution of each variable by comparing model
outputs across all possible combinations of feature
subsets. This theoretical framework ensures
fairness in attribution and provides an objective
measure of how individual variables influence
predictive behavior.

Importantly, SHAP facilitates interpretability
at multiple analytical levels. At the global level,
SHAP identifies variables that consistently exert
the greatest influence across the entire dataset and
reveals broader patterns of feature impact. At the
local level, the method enables examination of how
specific variables affect individual predictions,
thereby allowing the interpretation of case-specific
reasoning within the model. This dual capability is
particularly valuable when working with complex

70



JSTT 2026, 6 (1), 67-86

deep learning approaches, which are often
characterized as “black-box” models. By
enhancing transparency and explanatory depth,
SHAP provides a foundation for model validation,
supports  decision-making  processes, and
increases trustworthiness in model outputs,
especially in applications where interpretability and
reliability are essential [37].
2.6. Local Interpretable
Explanations (LIME) analysis
Local Interpretable Model-Agnostic
Explanations (LIME) is a post-hoc interpretability
technique designed to explain the predictions of
any black-box machine learning model [38]. It
operates under the principle that while complex

Model-Agnostic

l()5.°()'E,
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models may be difficult to interpret globally, their
behavior can be approximated locally around a
specific prediction using a simpler, interpretable
model (such as linear regression or decision trees).

LIME works by perturbing the input data
around the instance of interest and observing how
these perturbations affect the model’s predictions
[39]. It then assigns weights to the perturbed
samples based on their similarity to the original
instance and fits a local surrogate model to
approximate the complex model's decision
boundary in the neighborhood of the instance. The
resulting explanation highlights which features
contributed most positively or negatively to the
model’s output for that particular case.

1 05°.1 OE 105°20'E

Elevation
High : 1440

Low : 49

* Soil erosion point

0 37575
[ Kilometers

19°40'N

19°30'N

19°20'N

e dsland

b A NEDC, and EHE.

Fig. 1. Location of the study area and historical Soil erosions
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3. Study area

The study area is located in Nghe An
Province, belonging to the middle and upper parts
of the Lam River basin, with a total area of
approximately 1,074 km? (Fig 1). The topography
varies significantly from west to east, where the
western region is influenced by the Truong Son
mountain system and is characterized by high
mountains and steep hillslopes, while the eastern
part mainly consists of low-lying coastal plains.
Elevation ranges from about 50 m to more than
1,500 m above sea level, with some areas having
slopes greater than 35°, which creates favorable
conditions for surface erosion and mass movement
processes. In terms of geological characteristics,
Nghe An contains a complex lithological structure
with the distribution of various metamorphic and
sedimentary rocks. In many locations, the soil layer
is thin, highly mineralized, and easily weathered
under tropical climatic conditions, leading to
considerable spatial variability in soil erodibility.
The climate in the region is classified as tropical
monsoon with two distinctly defined seasons: a dry
season extending from November to April and a
rainy season occurring from May to October. The
average annual rainfall ranges between 1,600 and
1,800 mm; however, during years affected by
strong typhoons, rainfall may exceed 2,500 mm.
Short-duration heavy rainfall events, especially
during the storm period, typically generate strong
surface runoff and act as a primary agent triggering
erosion.

Soil erosion in the study area results from a
combination of multiple driving factors. Natural
conditions such as steep topography, concentrated
seasonal rainfall, reduced vegetation cover, and
highly weathered soils play a significant role in
accelerating erosion. Meanwhile, anthropogenic
activities, including deforestation, agricultural
expansion on sloping terrain, slash and burn
cultivation, mining operations, and unsustainable
farming practices, have intensified soil degradation
and increased erosion risk. In addition, the growing
influence of climate change, particularly the
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increasing frequency and intensity of extreme
rainfall events, is contributing to more severe and
widespread erosion processes across the region.
4. Data used

4.1. Landside inventory

Soil erosion inventory dataset comprises 685
erosion points identified within the Lam River basin
located in Nghe An Province [40]. The locations
were determined through an integrated approach
combining multiple sources, including Google
Earth satellite image interpretation, consultation of
local reports and documentation, remote sensing
data analysis, and field verification surveys. During
fieldwork, a GPS device was used to precisely
record the coordinates of each erosion point in
order to ensure spatial accuracy and data reliability
[41]. This combined approach helps minimize
spatial uncertainty while providing a
comprehensive representation of the actual soil
erosion conditions within the study area.

4.2. Soil erosion influencing factors

A total of ten input factors used in the model
were compiled from multiple geospatial data
sources, including topographic data, climatic
information, vegetation cover, and geological
pedological characteristics (Table 1). All datasets
were preprocessed, standardized, and projected
into a unified spatial reference system to ensure
compatibility and consistency throughout the
analytical workflow. The datasets were then
converted into raster format with a spatial
resolution of 30 x 30 m using ArcGIS 10.8. Data
classification was performed using either the
Natural Breaks method or logical grouping,
depending on the characteristics of each variable,
to accurately represent the natural distribution and
spatial variability of conditions across the study
area [40, 42].

Elevation is a controlling factor influencing
soil erosion processes. As elevation increases,
shifts in micro-climatic conditions may reduce
vegetation density and enhance rock and soll
fragmentation, which creates favorable conditions
for erosion [43]. Additionally, areas with medium to
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high elevation are typically characterized by strong
terrain dissection, resulting in steeper slopes and
more concentrated surface runoff compared to
lower plain regions. In this study, the elevation layer
was classified into 6 categories using the Natural
Breaks method: 203—-336 m, 336—474 m, 474—629
m, 629-829 m va 829-1440 m (Fig 2.a).

Aspect is an important topographic variable
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resulting in  higher temperatures, faster
evaporation, and lower soil moisture [44]. These
conditions often lead to reduced vegetation cover
and decreased soil protection against rainfall and
runoff, thereby increasing erosion susceptibility. In
contrast, North- and Northeast-facing slopes are
generally cooler and wetter, allowing denser
vegetation growth and reduced soil erosion. In this

influencing surface micro-environmental study, aspect was classified into 9 classes: Flat,
conditions. South, Southwest and West facing North, Northeast, East, Southeast, South,
slopes experience prolonged solar exposure, Southwest, West, and Northwest (Fig 2.b).
Table 1. Input factors influencing soil erosion considered for the study area [40]
No. Influencing factor Resolution/Scale Data source
1 Elevation 30m Digital Elevation Model (DEM) — USGS
2 Aspect 30m Derived from DEM
3  Slope 30m Derived from DEM
4  Curvature 30m Derived from DEM
5 NDVI 30m Landsat 8 imagery
6 Land cover 1:200,000 Ministry of Agriculture and Environment
Vi M logical H logical
7 Rainfall i |etn.a.m . eteorologica and ydrologica
Administration
8 Distance to faults 1:200,000 Department of Geology and Minerals of Vietham
9 Geology 1:200,000 Department of Geology and Minerals of Vietham
104°50'E 105°0°E 105°10'C 105°20'C | 104°50'E 105°0'E 105°10'E 105°20'E
' i ' ' ' Aspect map
# 625140 (@) # Eost (b)
a" 629 - 829 # Flat
o' 49 - 203 & North
&7 474 - 629 &7 Northeast
Zz | 4" 336 - 474 7 | &7 Northwest
2 | 203-336 2 | South
& & &f Southeast

19°30'N
>

Soil erosion location
Traning dataset
4+ Testing dataset

0 5 10
! KiloMeters

19°20'N

& Southwest
a West

19°30'N
>

Soil erosion location
Traning dataset
s+ Testing dataset

0 5 10
I KilOMeters

19°20N

Fig. 2. Thematic maps of the study area: (a) Elevation; (b) Aspect; (c) Slope; (d) Curvature; (e) NDVI; (f)
Soil type; (g) Rainfall; (h) Distance to faults; (i) Geology [40]
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o™l
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104°50'E 105°0'E 105°10'E 105°20'E
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=
Z
=
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=
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(o]
&

Fig. 2. (continued)

Slope exerts direct control over gravitational
forces and runoff velocity. As slope increases, the
infiltration capacity of soil decreases due to shorter
water contact time, which leads to an increase in
surface runoff [45]. This process reduces surface
stability and increases the likelihood of soll
detachment. The slope layer was classified into 9
classes: 0-6.43°, 6.43-12.05°, 12.05-16.88°,
16.88-21.17°,  21.17-25.45°,  25.45-29.74°,
29.74-34.57°, 34.57—-41.27°, va 41.27-68.33° (Fig

2.c).

Curvature represents surface morphology
and reflects the potential for surface flow
convergence or divergence. Concave surfaces
tend to accumulate water, facilitating the
development of rill erosion or small-scale mass
movement, whereas convex surfaces disperse
runoff, reducing concentrated flow energy and
erosion potential [46]. The curvature values were
divided into 3 groups: < —0.05 (concave), —0.05 to
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0.05 (flat), and > 0.05 (convex) (Fig 2.d).

Normalized Difference Vegetation Index
(NDVI) represents vegetation cover, which acts as
a natural barrier to erosion by reducing raindrop
impact, increasing water infiltration, and stabilizing
soil structure through root systems [47]. Low NDVI
values indicate exposed soil, cultivated agricultural
land, or disturbed vegetation due to logging or
wildfires, which leads to increased runoff and
accelerated erosion. NDVI in this study was
classified into 5 groups using the Natural Breaks
method: -0.76-0.00, 0.00-0.27, 0.27-0.47, 0.47—
0.59, 0.59-0.76 (Fig 2.e).

Soil type represents physical and mechanical
properties including grain size distribution, porosity,
permeability, cohesion, bulk density, and moisture
retention all of which directly influence surface
resistance to erosion [48]. Coarse textured, weakly
cohesive, or highly weathered soils are more

104°50'E 105°0'E 105°10E 105°20°'E

Rainfall map
aF <20
aF 20-40
af 40-80
L & >80

19°40'N

Z
]
At
2
Soil erosion location
Traning dataset
»  Testing dataset
0 5 10

Z I Kilometers
A
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susceptible to erosion under high rainfall or steep
slope conditions, while clay rich soils with well-
developed vegetation cover generally have higher
structural resistance. In this study, the soil type
layer was classified into 5 groups: Red-yellow
ferralite soil formed on sandstone, Red-yellow
ferralite formed on acidic igneous rocks, Red-
yellow soil is formed on metamorphic rocks,
Humus on the mountain, Alluvial soil in the
valley soil (Fig 2.f).

Rainfall is the primary triggering factor of
erosion through two dominant mechanisms: (i)
raindrop impact, which disrupts soil aggregates,
and (ii) increased runoff following soil saturation,
which leads to surface wash, rill erosion, and
sediment transport [49]. Rainfall values were
classified into 4 groups using the Natural Breaks
method: 20 mm, 20—40 mm, 40—80 mm va >80 mm

(Fig 2.9).

104°50'E 105°0'E 105°10°E 105°20'E

Distance to faults
<100
a 100-200
aF 200-300
o 300-400
o 400-500

L a® >500

VN

19°40'N

19°30'N
>

Soil erosion location
Traning dataset
+  Testling dalaset

0 5 10
e KilOMmeters

19°20'N

Fig. 2. (continued)

Distance to faults map plays a critical role in
analyzing soil erosion susceptibility, as geological
faults can weaken the soil structure, facilitate
rainwater infiltration, concentrate surface runoff,
and thereby accelerate erosion processes [50].
Areas located near fault zones are often more
vulnerable to geological and hydrological

disturbances, leading to ground surface instability
and an increased risk of topsoil removal. This map
illustrates the spatial distribution of regions located
at varying distances from geological fault lines
within the study area. The data are classified into
six categories: <100 m, 100-200 m, 200-300 m,
300—400 m, 400-500 m, >500 m, consistent with
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the legend shown in the figure (Fig 2.h).
Geological plays a fundamental role in
determining weathering processes, soil material
composition, and slope stability. Weak or highly
weathered formations tend to produce loose
materials that are easily detached, whereas
magmatic or metamorphic formations with higher
structural strength are less susceptible to erosion
[51]. In this study, geology was classified into 17
groups: Dai Loc Complex Phase 1, Bac Son
Formation, Bu Khang Formation Upper

104°50'E 105°0'F
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Subformation, Dai Loc Complex Phase 2, Dong Do

Formation Lower Subformation, Dong Trau
Formation Lower Subformation, Dong Trau
Formation Upper Subformation, Huoi Loi

Formation, Huoi Nhi Formation, La Khe Formation,
Muong Hing Formation, Nam Kan Formation, Song
Ca Formation Lower Subformation, Song Ca
Formation Middle Subformation, Song Ca
Formation Upper Subformation, Song Ma
Complex, and Undivided Quaternary (Fig 2.i).

105°10'C 105°20'C

Geological
a Group 1
# Group 2
" Group 3
7 Group 4
&7 Group 5
&8 Group 6
& Group 7
# Group 8
af Group 9
&7 Group 10
& Group 11
# Group 12
a Group 13
L & Group 14
& Group 15

19°40'N

A

19°30'N

; #*
aF Group J6a", | Ty 4.
" Group 'H

ey
‘\

Soil erosion location
Traning dataset
s Testing dataset

0 5 10
e Kilometers

. 19°20'N

Fig. 2. (continued)

Slope 0.01 0.39 - 0.24 0.16 0.05 0.04 o
Curvature - 0.02 0.06 0.02 0.04 0.05 0.01 0.03 0.8
Aspect - 0.01 0.02 0.02 0.00 -0.01 0.01 0.04
Elevation - 0.3%9 0.06 0.02 - 0.41 0.28 0.05 0.05 0.06 o
Rainfall . 0.02 0.02 041 0.06 0.15 - 0.32 -0.4
NDVI - 0.24 0.04 0.00 0.28 0.06 0.17 0.14 -0.00
L o2
Soil type - 0.16 0.05 -0.01 0.05 0.15 0.17 - 0.09 0.07
Distance to faults - 0.05 0.01 0.01 0.05 - 0.14 0.09
Geological - 0.04 0.03 0.04 0.06 0.32 -0.00 0.07

Fig. 3. Correlation matrix of the input variables
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The correlation among input variables in the
model was examined using the pearson correlation
coefficient [52]. As shown in Fig. 3, most variables
exhibit low to moderate correlation levels. The
color gradient in the heatmap represents the
strength of correlations, where lighter colors
indicate stronger positive relationships, and darker
colors represent weaker or negative ones. Overall,
the low inter-variable correlations suggest minimal
multicollinearity, indicating that the dataset is
suitable for model development without the need to
eliminate any variables.

5. Results and discussion
5.1. Validation and comparison of the models

Evaluation metrics on the training dataset
reveal notable differences in model performance
across the tested algorithms (Table 2). Among
them, the DaNet model demonstrates superior
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classification capability. It achieved the highest
overall accuracy (ACC = 85.71%) and Cohen’s
Kappa value (0.715), indicating strong agreement
between predicted and actual classes beyond
random chance. Regarding error measures, DaNet
attained the lowest mean absolute error (MAE =
0.143) and root mean square error (RMSE =
0.378), outperforming DNN (MAE = 0.176; RMSE
=0.420) and LSTM (MAE = 0.198; RMSE = 0.445).
In classification counts, DaNet obtained the highest
number of true positives (TP = 403) and true
negatives (TN = 419), along with the lowest
number of false positives (FP = 53) and a relatively
low number of false negatives (FN = 84).
Additionally, DaNet scored highest in PPV
(88.38%), NPV (83.30%), and SPF (88.77%),
confirming its robustness, precision, and strong
predictive performance during training.

Table 2. Validation and comparison of the models

No Parameters

Training dataset

Validating dataset

DaNet DNN LSTM DaNet DNN LSTM
1 TP 403 375 376 152 139 135
2 TN 419 415 393 168 181 171
3 FP 53 57 79 45 32 42
4 FN 84 112 111 46 59 63
5 PPV (%) 88.38 86.81 82.64 77.16 81.29 76.27
6 NPV (%) 83.3 78.75 77.98 785 7542 73.08
7 SST (%) 8275 77 7721 76.77 70.2 68.18
8 SPF (%) 88.77 87.92 83.26 78.87 84.98 80.28
9 ACC (%) 85.71 82.38 80.19 77.86 77.86 74.45
10 Kappa 0.715 0.648 0.604 0.557 0.554 0.486
11 MAE 0.143 0.176 0.198 0.221 0.221 0.255
12 RMSE 0.378 0.42 0.445 0.471 0471 0.505

Validating results follow a similar trend,
reinforcing the generalization capability of the
models. DaNet continued to outperform other
models with the highest number of true positives
(TP = 152), the lowest number of false negatives
(FN = 46), and competitive true negative and false
positive values (TN = 168; FP = 45). The overall
accuracy reached 77.86%, higher than DNN and
LSTM (77.86% and 74.45%, respectively), while

maintaining the highest Cohen’s Kappa value
(0.557). DaNet also delivered low error rates (MAE
= 0.221; RMSE = 0.471), comparable to the other
models and better than LSTM. Supporting metrics
such as PPV (77.16%), NPV (78.50%), and SST
(76.77%) further validate its consistent and reliable
performance on unseen data. Overall, these
results confirm that DaNet is the most effective and
reliable model among those tested, offering strong
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classification accuracy, minimal error, and high
generalization ability for soil erosion susceptibility
mapping.

Based on the ROC analysis shown in Fig. 4,
model performance was evaluated on both the
training and validating datasets. On the training
dataset, the DaNet model achieved the highest
AUC value (0.936), followed by DNN (0.912) and
LSTM (0.891), indicating DaNet's superior
classification capability during the learning phase.
The validating results reaffirm this trend, with
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DaNet maintaining top performance at an AUC of
0.852, followed by DNN (0.843) and LSTM (0.816).
All models demonstrated reasonably high
predictive accuracy, but DaNet stood out in terms
of generalization and stability when applied to
unseen data. Overall, DaNet proved to be the most
effective model across both datasets, thanks to its
strong feature learning capacity and low prediction
error. This makes it particularly well-suited for soil
erosion prediction and susceptibility mapping at
practical application scales.
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Fig. 4. AUC analysis of the models using (a) training dataset and (b) validating dataset
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Fig. 5. Error distribution analysis: (a): DaNet; (b): DNN; (c): LSTM models
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Error Distribution for LSTM
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Fig. 5. (continued)

The error distribution analysis for the DaNet,
DNN, and LSTM models provides valuable insights
into the stability and reliability of each model’s
predictions (Fig. 5). Among the three, DaNet shows
the most concentrated distribution around low
absolute error values, with a sharp peak near zero
and narrow bounds within +1 standard deviation.
This indicates that DaNet consistently produces
accurate predictions with minimal variability. In
comparison, the DNN model maintains a peak at
lower error values but still displays moderate
dispersion, suggesting some variability in
performance. The LSTM model, while having a
notable number of predictions with low errors,
demonstrates the widest spread, including many
higher-error cases up to 0.9. This indicates less
consistent performance and a higher susceptibility
to misprediction compared to DaNet and DNN.

In general, the results of validation and
comparison of the models proven that the

proposed DaNet model provides a clear
improvement in predictive performance for
susceptibility mapping compared with the

benchmark DNN and LSTM models. Compared
with the previously published study [40] which
applied advanced machine-learning approaches to
the same study area using different model
structures, several important distinctions emerge.

While the earlier study reported strong predictive
performance using ensemble and tree-based
learning methods, the present results show that a
deep learning architecture such as DaNet can
achieve comparable or improved generalization
performance, particularly in terms of balanced ACC
(77.86% for DaNet compared with 74.209% for
Gradien Boosting) and validation AUC (0.852 for
DaNet compared with 0.83 for Gradien Boosting)
[40]. Unlike ensemble methods that rely on
aggregating multiple weak learners or rule-based
inference, the DaNet directly learns hierarchical
feature representations from the input data,
enabling it to model complex nonlinear interactions
more efficiently. Moreover, the reduced prediction
error and stable validation behavior observed in
this study suggest that deep learning offers a
competitive and scalable alternative for
susceptibility mapping, especially when high-
dimensional and correlated environmental
variables are involved. Overall, the comparison
indicates that the DaNet framework not only
matches but in some aspects surpasses previously
published models for this region, reinforcing the
growing potential of deep learning approaches for
geospatial hazard prediction.

5.2. Sensitivity analysis using SHAP and LIME
analysis
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The SHAP summary plot reveals the relative
importance of input variables in the soil erosion
prediction model based on their mean absolute
SHAP values. Among the evaluated factors, soil
type emerges as the most influential variable
(+0.12), followed ~closely by geological
characteristics (+0.10), and both slope and
elevation (each at +0.06). These findings highlight
the dominant role of soil properties, subsurface
lithology, and terrain morphology in determining

Soil type
Geological

Slope

Elevation
Rainfall

Aspect

Distance to faults

NDVI

Curvature
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erosion susceptibility. Rainfall and aspect show
moderate influence (+0.05), reflecting their
involvement in runoff processes and slope

orientation effects. In contrast, variables such as
distance to faults and NDVI (both at +0.03), along
with curvature (+0.02), contribute less significantly,
suggesting a relatively lower but still notable impact
on erosion potential compared to the leading
geomorphological and geological predictors (Fig
6).

+0.12

0.00 0.02 0.04

0.06 0.08 0.10 0.12

mean(|SHAP value|)

Fig. 6. Mean absolute SHAP values indicating the relative contribution of each predictor variable to the
DaNet soil erosion prediction model

Predicted value negative

5.00 < Distance to fauli._.

Feature Value

Drstance to faults

.0l

Fig. 7. Local interpretable model explanation (LIME) for sample ID47 using the DaNet model
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The LIME analysis for sample 47 using the
DaNet model reveals a very high soil erosion
susceptibility score of 0.99 (Fig. 7). This prediction
is primarily influenced by unfavorable geological
conditions, which contribute significantly to the risk,
along with steep slope, moderate elevation, and
low vegetation cover (as indicated by NDVI). These
factors suggest the area has weak geological
stability, steep terrain, and sparse plant protection,
all of which promote surface runoff and soall
detachment. In contrast, land cover is the most

4°50'E 105°0'E
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influential factor reducing the erosion risk,
indicating that current land use or vegetation may
provide some degree of stabilization. Minor
negative effects also come from terrain curvature
and distance to fault lines. Overall, the model
attributes high susceptibility mainly to geologic and
topographic drivers, while land cover offers a key
mitigating influence.

5.3. Construction of Soil erosion susceptibility
maps

Kilometers

Soil erosion locations
Traning dataset
4+ Testing dataset

105°10'E 105°20'E
Z
<
X
F)_\
£
o
- en
&
Soil erosion susceptibility map
& Very low (0 - 0.167965) Z
&7 Low (0.167965 - 0.374992) B
&' Moderate (0.374982 - 0.60155) | &.
& High (0.60155 - 0.820296) -
# Very high (0.820296 - 0.99998)

Fig. 8. Soil erosion susceptibility map using the DaNet model

Table 3. Analysis of spatial distribution of soil erosion susceptibility map generated by the DaNet model

Percentage of
class pixels (%)

Percentage of soil
erosion pixels (%)

No Classes FR
1 Verylow (0.000 — 0.168) 0.099
2 Low (0.168 — 0.375) 0.534
3 Moderate (0.375 — 0.602) 0.691
4 High (0.602 — 0.820) 1.065
5  Very high (0.820 — 1.000) 1.905

18.66 1.85
17.34 9.26
15.18 10.49
17.38 18.52
31.44 59.88
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The soil erosion susceptibility map was
produced based on continuous prediction values
generated by the best performance model of
DaNet. Each pixel in the study area was assigned
a value ranging from 0 to nearly 1, representing its
susceptibility to soil erosion. These values reflect
the relative likelihood of erosion occurrence,
derived from spatial patterns learned during the
training phase. The map uses a color gradient from
dark green to red, where green indicates areas with
very low erosion risk and red represents regions
with very high susceptibility [53]. To facilitate
interpretation, the continuous values were
reclassified into 5 susceptibility classes using the
Natural Breaks method: very low (0.000-0.168),
low (0.168-0.375), moderate (0.375-0.602), high
(0.602-0.820), and very high (0.820-1.000). This
classification enhances visual clarity and helps
distinguish spatial erosion risk levels effectively.
Training and validating soil erosion locations are
also overlaid on the map to validate model
predictions and highlight areas of concern (Fig. 8).

The spatial distribution and predictive
relevance of each soil erosion susceptibility class
are clearly illustrated in Table 3. The frequency
ratio (FR) steadily increases from the very low
class (0.099) to the very high class (1.905),
suggesting a strong positive relationship between
predicted susceptibility levels and the actual
occurrence of erosion. Areas classified as very
high are nearly twice as likely to experience
erosion compared to the average, while very low
areas are significantly less prone. In terms of
spatial coverage, the very high class comprises the
largest proportion of the study area (31.44%) and
contains the vast majority of observed erosion
pixels (59.88%), confirming its predictive
significance. Conversely, the very low class, while
covering 18.66% of the land, accounts for only
1.85% of erosion points. The moderate and high
classes serve as transitional zones, capturing
increasing shares of erosion presence with
moderate spatial coverage. These findings
highlight the model’s strong capacity to distinguish
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between erosion-prone and stable regions.
6. Concluding remarks
This study applied three deep learning
models, DNN, LSTM and DaNet, to assess soil
erosion susceptibility in the mountainous region of
Nghe An Province. Various validation metrics
including area under the ROC curve (AUC) were
used for validation and comparison of the models.
Results of this study show that the DaNet
consistently outperformed the others, achieving the
highest evaluation metrics with an AUC of 0.936
(training) and 0.852 (validating), along with solid
classification accuracy (ACC = 0.857) and a
substantial Kappa coefficient of 0.714. Error rates
were also low (MAE = 0.143; RMSE = 0.378),
highlighting the model’s robustness and reliability.
The susceptibility map generated by DaNet
showed strong spatial alignment with observed
erosion points, with 18.52% falling in the high-risk
class and 59.88% in the very high-risk class,
together accounting for 78.4% of all erosion
events. These findings demonstrate that DaNet is
the most effective model in this study, capable of
capturing complex spatial patterns and providing
accurate, stable predictions. It proves to be a
promising tool for erosion monitoring, land-use
planning and watershed management. Future work
should explore the integration of multi-temporal
data, climate variability scenarios and advanced
optimization strategies to further improve the
model.
Funding: This work is a part of the research project
[CS.2025.A4.049] funded by Saigon University.
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