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Abstract: Across the globe, landslides cause significant loss of life, injuries, and widespread damage
to homes and infrastructure. Therefore, assessing and analyzing landslide hazards is crucial to
human, environmental, cultural, economic, and social sustainability. This study utilizes ArcGIS
10.8 and Python 3.9 to create landslide databases for Niigata Prefecture (NIG), Iwate and Miyagi
Prefectures (IWT-MYG), and Hokkaido (HKD), drawing on data obtained from the National Research
Institute for Earth Science and Disaster Resilience, Japan. A distinguishing feature of this study
is the application of a Convolutional Neural Network (CNN), which significantly outperforms
traditional machine learning models in image-based pattern recognition by extracting contextual
information from surrounding areas, a distinct advantage in image and pattern recognition tasks.
Unlike conventional methods that often require manual feature selection and engineering, CNNs
automate feature extraction, enabling a more nuanced understanding of complex patterns. By
experimenting with CNN input window sizes ranging from 3 × 3 to 27 × 27 pixels and employing
diverse sampling techniques, we demonstrate that larger windows enhance the model’s predictive
accuracy by capturing a wider range of environmental interactions critical for effective landslide
modeling. CNN models with 19 × 19 pixel windows typically yield the best overall performance,
with CNN-19 achieving an AUC of 0.950, 0.982 and 0.969 for NIG, HKD, and IWT-MYG, respectively.
Furthermore, we improve prediction reliability using oversampling and a random window-moving
method. For instance, in the NIG region, the AUC of the oversampling CNN-19 is 0.983, while the
downsampling AUC is 0.950). These techniques, less commonly applied in traditional machine
learning approaches to landslide detection, help address the issue of data imbalance often seen in
landslide datasets, where instances of landslides are far outnumbered by non-landslide occurrences.
While challenges remain in enhancing the model’s generalization, this research makes significant
progress in developing more robust and adaptable tools for landslide prediction, which are vital for
ensuring environmental and societal resilience.

Keywords: landslide; CNN; window size; sampling techniques

1. Introduction

Landslides are natural phenomena characterized by the downward movement of soil
or rock on slopes, influenced by various internal factors such as topography, lithology, and
geological structure, as well as external factors like river erosion, groundwater activity, rain-
water absorption, earthquakes, and human activities such as artificial slope cutting. These
events can cause significant damage, impacting industrial and agricultural production and
leading to casualties and destruction of property. The complexity of landslide triggers,
which include a combination of natural and human-induced factors, necessitates extensive
data collection and sophisticated analysis tools. Reflecting on the development of landslide
research, traditional methods of analysis often fall short due to the vast data requirements,
complex data structures, and the ambiguity in information sources [1]. Geographic Infor-
mation Systems (GIS) have become essential for overcoming these challenges, enhancing
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the reliability and clarity of landslide risk assessments. GIS offer robust capabilities for
managing, analyzing, and presenting spatial and attribute data, making them invaluable
in landslide hazard assessment, susceptibility mapping, and ensuring the resilience of
environmental and human cultural, economic, and social systems.

Currently, researchers worldwide are dedicated to employing diverse methodologies
for the assessment and analysis of landslide hazards [2]. For example, Kadavi, Lee, and
Lee compared logistic regression and decision tree models for similar landslide mapping
in Gangwon-do, South Korea, advancing methods for landslide risk prediction [3]. Their
study highlights the efficacy of computational models in geological hazard assessment.
Lee and colleagues used a support vector machine (SVM) for detailed landslide suscepti-
bility mapping in Gangwon Province, Korea, enhancing risk management strategies [4].
Their study exemplifies the effective use of SVM in tackling complex geological challenges.
To enhance model training, Sameen and colleagues developed a systematic strategy for
subdividing samples to improve landslide susceptibility models [5]. Meanwhile, Adnan
and his team focused on improving spatial agreement in machine learning-based landslide
susceptibility mapping to achieve more precise predictions [6]. Both of these studies offer
innovative refinements to data handling and modeling techniques for more accurate land-
slide risk assessments. Wei and colleagues introduced a feature enhancement framework
for more accurate landslide detection, focusing on improving model performance through
feature refinement [7]. In 2022, they also explored combining spatial response features
with machine learning for more reliable landslide susceptibility mapping [8]. He and
associates developed a unified network that integrates superimposed landslide factors
and pixel spatial neighborhood data to enhance precision in landslide susceptibility assess-
ments. Together, these studies advance the use of sophisticated analytical techniques for
better predicting and understanding landslide risks [9]. Jiang and Jiang demonstrated the
effectiveness of convolutional neural networks (CNNs) in accurately identifying and assess-
ing landslides, highlighting their superior performance over traditional methods [10,11].
Hussain evaluated various models for landslide susceptibility mapping, underscoring the
strengths and weaknesses of CNNs and traditional techniques [12]. Ghorbanzadeh and
his team further confirmed the superior ability of CNNs to detect landslides and capture
complex data patterns, emphasizing the promise of deep learning in improving landslide
detection and monitoring [13]. Liu and his team demonstrated that CNNs provide superior
predictive accuracy in landslide susceptibility mapping compared to traditional machine
learning methods [14].

Building on a foundation of diverse methodologies in landslide hazard assessment,
our research innovates by applying convolutional neural networks (CNNs) with variable
input window sizes and tailored sampling methods across different regions. This approach
departs from the traditional use of static models and universal techniques seen in previous
studies, enhancing both the accuracy and applicability of the models by adapting them
to regional characteristics. Compared to traditional machine learning approaches, CNNs
offer significant advantages by facilitating focused learning and analysis of specific features
within targeted areas as well as their surrounding contexts. This capability is invaluable
in landslide risk assessment, where causative factors of landslides are often complex and
influenced by both local and adjacent regional conditions. By leveraging CNNs, our models
can more effectively capture these multifaceted influences, thereby providing a more
nuanced and accurate evaluation of landslide risks. Integrating geological data, remote
sensing, GIS, and advanced computational models, this research demonstrates how CNNs
outperform traditional methods in detection and prediction accuracy, making substantial
contributions to landslide risk assessment and management.

In this study, we present a novel approach to assessing landslide risk by creating a
comprehensive database for three distinct regions in Japan: Niigata Prefecture (NIG), Iwate
and Miyagi Prefectures (IWT-MYG), and Hokkaido (HKD). Departing from traditional
methodologies, our strategy incorporates a convolutional neural network (CNN) that
utilizes various input window sizes. This method divides the entire study area into smaller
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image segments, enhancing the analysis of spatial features and increasing the model’s
sensitivity to subtle landscape details. To address the common challenge of data imbalance
in landslide prediction, we implement two distinct sampling strategies: downsampling,
which reduces the prevalence of non-landslide data, and oversampling, using a random
window-moving method to ensure a balanced representation of both landslide and non-
landslide scenarios. This innovative combination of techniques markedly improves the
model’s adaptability across different terrains and mitigates some of the primary obstacles
in landslide detection. Our preliminary results indicate that larger window sizes boost the
model’s predictive capabilities. CNN models employing 19 × 19 pixel windows typically
yield the best overall performance. The incorporation of the random window-moving
method has also been proven to enhance the accuracy of our landslide predictions. Moving
forward, we plan to delve deeper into the implications of these findings, with the goal of
developing more robust and adaptable tools for landslide risk assessment.

2. Study Area and Data
2.1. Study Area

The primary objective of this study is to utilize Convolutional Neural Networks
(CNN) to assess the risk of landslide disasters in Japan. Three regions were selected
based on specific criteria: Niigata Prefecture (NIG area), Iwate and Miyagi Prefectures
(IWT-MYG area), and Hokkaido (HKD area). These areas, illustrated in Figure 1, were
chosen due to their historical susceptibility to landslides, availability of comprehensive
data sets, and geographic diversity, which includes varied topographical and climatic
conditions. Additionally, these regions have experienced significant earthquakes in the past,
accompanied by numerous earthquake-induced landslides, making them pertinent study
areas for future research on earthquake-triggered landslides. This selection is intended
to ensure that the findings are robust and applicable across different landscapes, thus
enhancing the study’s relevance and applicability to landslide risk assessment.
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Figure 1. Study areas and distributions of historical landslides: (A) NIG study area, (B) IWT-MYG
study area, and (C) HKD study area .

2.1.1. Niigata Prefecture (NIG Area)

The first study area, shown in Figure 1A, is Tokamachi, Kawaguchi, Horinouchi, Ojiya,
Yamakoshi, and Nagaoka in Niigata Prefecture, located in central Japan. The latitude and
longitude ranges are 138◦ 40.019′ E to 138◦ 58.08′ E and 37◦ 0.6048′ N to 37◦ 35.2644′ N,
respectively. The total area of the region is 1795.36 km2. The elevation range of the study
area is from 14 to 1021.5 m, while the slope range is from 0 to 78.01 degrees.

2.1.2. Iwate Prefecture, Miyagi Prefecture (IWT-MYG Area)

The second study area, shown in Figure 1B, is Ichinoseki, Oshu, and the surrounding
area of Iwate Prefecture, and Kurihara and the surrounding area of Miyagi Prefecture,
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located in northeastern Japan. The latitude and longitude ranges are 140◦ 40.019′ E to 141◦

15.888′ E and 38◦ 41.1228′ N to 39◦ 10.869′ N, respectively. The total area is 2447.05 km2.
The elevation range of the study area is from 10 to 1627.1 m, while the slope range is from 0
to 71.32 degrees. In the following, “IWT-MYG” is abbreviated as “IWT”.

2.1.3. Hokkaido (HKD Area)

The third study area, shown in Figure 1C, is Mukawa, Abira, and Atsuma in Hokkaido,
in the northern part of Japan, with the longitude and latitude ranges of 41◦ 44′ 11.6′′ E to
142◦ 20′ 2.4′′ E and 42◦ 31′ 42.6′′ N to 42◦ 59′ 13.7′′ N, respectively. The total area is 1353
km2. The study area’s elevation ranges from 0 to 1016 m, while the slope ranges from 0 to
76.05 degrees.

2.2. Historical Landslide Records (HLS)

The landslide data utilized in this research were sourced from the National Research
Institute for Earth Science and Disaster Resilience, Japan. The landslide topographic dis-
tribution map [15] was created through the three-dimensional interpretation of 1:40,000
monochrome aerial photographs captured in the 1970s. This map delineates cliffs and mo-
bile objects, showcasing their spatial distribution on a 1:50,000 topographic map. Through
this landslide topographic distribution map, we gain insights into the historical locations,
magnitudes, and alterations of landslides. Refer to Figure 1 for visualization.

The HKD area has approximately 1.51 million pixels identified as landslide zones
out of about 25.02 million total pixels. The NIG area shows around 1.85 million landslide
pixels against roughly 12.47 million total pixels. Lastly, the IWT area records the highest
with about 3.48 million landslide pixels from a total of nearly 26.50 million pixels. The
proportion of landslide and non-landslide pixels is shown in Figure 2.
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2.3. Data-Use

Landslides can arise from a multitude of factors, each interconnected with the other
in complex ways. Through the examination of landslide causation, certain factors have
emerged as particularly relevant for research purposes. These factors can be categorized
as follows:

(1) Internal Factors: (a) Topography, (b) Lithology, (c) Geological structure
(2) External Factors: (a) Induced Causes: Earthquakes and precipitation, (b) Human

Causes, among

Precipitation’s role in landslide occurrence has been extensively studied worldwide
over many years, and this study similarly acknowledges its significance as a key influencing
factor. Due to the absence of specific occurrence times for historical landslide data in
the study area, the assessment of past landslides initially utilized the average annual
precipitation over the past 30 years as a reference.
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Considering insights from prior research and a diverse range of data sources, this
study identifies 14 factors associated with historical landslides: elevation, slope, aspect,
curvature, lithology [16], soil type [17], land use [18], precipitation [19,20], distance from
rivers [21], faults [22], roads [18], vegetation [23], catchment area [24], and openness [25].
These factors are depicted in Figures 3 and A1–A3 (Appendix A). Table 1 illustrates the
range of the dataset. Furthermore, the Digital Elevation Model (DEM) used in this study has
a resolution of 10 m, and all landslide records and associated feature resolutions prepared
are consistent with the resolution of the DEM.

Table 1. Features and data range in the study area.

Code Feature Resource NIG HKD IWT

A0 HLS NIED 1 0,1 0,1 0,1
A1 DEM (m) GIAJ 2 14 to 1021.5 0 to 1016 10 to 1627.1
A2 Slope (◦) DEM 3 0 to 78.01 0 to 76.05 0 to 71.32
A3 Aspect DEM −1 to 360
A4 Curvature DEM −84.3 to 115.5 −63.0 to 57.0 −80.5 to 76.6
A5 Rain (mm) JMA 4 2185.37 to 2795.37 1060.82 to 1215.38 1222.54 to 2130.98
A6 River (m) MLIT 5 0 to 2612.16 0 to 3560.9 0 to 4909.76
A7 Road (m) MLIT 0 to 6402.81 0 to 16,048.8 0 to 23,740.1
A8 Fault (m) GSJ 6 0 to 22,333.4 0 to 16,798.8 0 to 14,769.6
A9 Land use MLIT 11 types

A10 Soil MLIT 37 types
A11 Lithology GSJ 27 types
A12 Vegetation BiodiC-J 7 33 types
A13 Catchment Area DEM 1 to 6359 1 to 13,026 1 to 13,460
A14 Openness (down) DEM 0 to 88.06 4.04 to 87.87 0 to 87.6
A15 Openness (up) DEM 0 to 77.96 4.04 to 76.09 0 to 74.78

1 NIED: National Research Institute for Earth Science and Disaster Resilience. 2 GIAJ: Geospatial Information
Authority of Japan. 3 DEM: Digital Elevation Map with 10 m × 10 m resolution published by Geospatial
Information Authority of Japan. 4 JMA: Japan Meteorological Agency. 5 MLIT: Ministry of Land, Infrastructure,
Transport and Tourism. 6 GSJ: Geological Survey of Japan, National Institute of Advanced Industrial Science and
Technology. 7 BiodiC-J: Biodiversity Center of Japan.
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3. Method

The study process, outlined in Figure 4, is divided into four main stages. First, the
database is established by integrating and standardizing all feature data using ArcGIS.
In the second stage, the data undergoes preprocessing, where the established Landslide
Record Database and Landslide Feature Database are segmented according to predefined
window sizes. Third, data balancing is applied, a trained model is developed, and its
performance is assessed. In the final stage, the preprocessed data is fed back into the
trained model for testing and prediction.
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3.1. Convolutional Neural Network

The Convolutional Neural Network (CNN) is a type of artificial neural network known
for its ability to effectively extract feature representations from images. This capability
allows CNNs to recognize visual patterns in images without the need for complex, human-
designed rules [26].

The structure of a CNN can be broken down into three main layers: the convolutional
layer, the pooling layer, and the fully connected layer. In the convolutional layer, filters are
applied to the input image to detect various features. Given a picture size of 500 × 500 and
passing through 50 filter convolution layers, the resulting dimension would be 500 × 500 × 50.
To manage this large amount of data, the output is downscaled in the pooling layer, effectively
reducing the dimensionality while preserving important features. The fully connected layer is
responsible for classification, where the features extracted from the previous layers are used
to classify objects. The key operations performed in any CNN can be succinctly described by
the following equation [27]:

Ol = P
(

σ
(

Ol−1 × W l + bl
))

(1)

where Ol−1 is the output feature data from the previous layer of the lth layer, Wl and bl

indicate the weights of the layers, respectively, that convolve Ol−1 by the linear convolution,
and σ(·) denotes the non-linearity function outside the convolutional layer. These steps
are often followed by a pooling operation which is represented by P in Equation (1) [27].

In this study, we split the dataset into 60% for training and 40% for testing (train-Prop
= 0.6). The model is trained using the Adam optimizer with an initial learning rate of 0.001.
The architecture starts with several convolutional layers, beginning with a 512-channel
1 × 1 filter layer with ‘valid’ padding and ReLU activation, followed by a 0.25 Dropout
and a 2 × 2 Max Pooling layer to reduce dimensionality and enhance spatial in-variance.
Additional convolutional layers include 256, 128, 64, and 32 channel 1 × 1 filters, each
followed by a 0.25 Dropout to mitigate overfitting. The network concludes with a Flatten
layer, a 256-node Dense layer with ReLU activation, another 0.25 Dropout, and a final
2-node Dense layer with soft max activation suitable for binary classification tasks.

3.2. CNN Window Sizes

In this research, multiple input window sizes were employed for landslide detection,
including 3 × 3 pixels, 7 × 7 pixels, 11 × 11 pixels, 15 × 15 pixels, 19 × 19 pixels,
23 × 23 pixels, and 27 × 27 pixels determined through cross-validation. The utilization
of various input window sizes was necessitated by the intricate nature of the shapes
and sizes of features within the study areas. Notably, the presence of both large and
small landslides, often exhibiting diverse shapes, posed a challenge for detection [13].
Some landslides appeared elongated and potentially thin, resembling unsealed roads
rather than typical landslide formations. Moreover, the study area exhibited varying
aspects, slopes, and flow directions, with individual landslides comprising different
aspects. Furthermore, most landslides displayed a blend of topographic features, further
complicating their recognition [13]. To address these complexities, various input window
sizes were employed, following a similar approach used for detecting complex-shaped
objects in urban areas [27]. For clarity, the notation “CNN-i” will be adopted to represent
different window sizes: 3 × 3 pixels, 7 × 7 pixels, 11 × 11 pixels, 15 × 15 pixels,
19 × 19 pixels, 23 × 23 pixels, and 27 × 27 pixels, corresponding to CNN-3, CNN-7,
CNN-11, CNN-15, CNN-19, CNN-23, and CNN-27, respectively.

Additionally, the DEM data used in this study had a resolution of 10 m × 10 m, where
one pixel could cover up to 270 m × 270 m. When employing DEM data with different
resolutions, such as 30 m × 30 m, one pixel can cover up to 810 m × 810 m. Therefore,
when using different DEM datasets, it is essential to appropriately scale the window sizes
to ensure that the spatial representation remains consistent and effective for detecting
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landslides across various resolutions. This scaling is vital to maintain the accuracy and
reliability of the model when applied to different geographic extents and resolutions.

3.3. Sampling Techniques

Deep learning methodologies, particularly Convolutional Neural Networks (CNN), re-
quire a substantial number of sample patches for effective training [28], typically in the form
of a labeled training dataset [29]. Maintaining a balanced distribution of samples is equally
crucial. To mitigate the significant imbalance between landslide and non-landslide data,
this study employs two distinct sampling strategies: downsampling and oversampling.
Downsampling is implemented by randomly removing non-landslide data to equalize the
presence of both categories in the dataset, thereby preventing model bias towards the more
prevalent class. Conversely, oversampling is utilized to enhance the representativeness of
the landslide data by artificially expanding the training dataset. This is achieved through
techniques such as translating, rotating, and randomly mirroring images or input windows,
as suggested by previous research [30]. These methods ensure a more balanced dataset,
which is crucial for training robust machine learning models that can accurately predict
diverse landslide occurrences. Directly comparing the impact of the random window-
moving technique with downsampling can provide clear insights into their effects on
dataset balance and model performance, especially in cases of class imbalance. The ran-
dom window-moving technique increases minority class samples by creating variations
of existing samples, enriching the dataset. In contrast, downsampling reduces the size
of the majority class, leading to faster processing but potentially losing valuable informa-
tion. Highlighting these differences can shed light on the strengths and weaknesses of
each method.

In this study, a random window-moving technique was employed specifically to
account for landslide-related factors [31], as shown in the schematic diagram in Figure 5.
The implementation details of the random window-moving technique are as follows: the
window size was set to half of the input window size, with the stride set to half of the
moving window size, ensuring substantial overlap and continuous coverage across the
image. Boundary handling was managed through padding, maintaining consistency in
feature dimensions across the entire image. Window starting positions were selected
entirely at random, increasing the diversity of sampled image segments and potentially
increasing the robustness of the model to variations in input data. Additionally, care was
taken to ensure that the data was centered within the window, facilitating better capture of
local features within the window and improving the model’s recognition ability.
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3.4. Evaluation Method

A confusion matrix serves as a tabular representation commonly utilized to evaluate
the performance of a classification algorithm. It offers a comprehensive means of assessing
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the model’s performance by categorizing the predicted and actual classes into four distinct
categories. The confusion matrix is conventionally organized as shown in Table 2.

Table 2. The confusion matrix.

Predicted Category

Positive (1) Negative (0)

True
category

Positive (1) True positive (TP) 1 False negative (FN) 4

Negative (0) False positive (FP) 3 True negative (TN) 2

1 True Positives (TP): The model correctly predicted instances of the positive class. 2 True Negatives (TN): The
model correctly predicted instances of the negative class. 3 False Positives (FP): The model predicted the positive
class, but the actual class was negative. 4 False Negatives (FN): The model predicted the negative class, but the
actual class was positive.

3.4.1. AUC and ROC

Classification models typically output probabilities as predictions, representing the
likelihood of belonging to a specific category. For calculating accuracy, these probabilities
must be converted into discrete categories, which involves setting a threshold. Probabilities
above this threshold are classified into one category, while those below it are classified into
another. The choice of threshold directly impacts the accuracy calculation. To address this
issue, the Area Under the ROC Curve (AUC) is commonly used.

The AUC is a metric employed to evaluate the performance of binary classification
models. The ROC (Receiver Operating Characteristic) curve is a graphical representation
illustrating the trade-off between the True Positive Rate and False Positive Rate across
various classification thresholds. A higher AUC signifies better discriminative ability in the
model, indicating its capability to differentiate between positive and negative instances.

The ROC curve plots the False Positive Rate on the abscissa and the True Positive Rate
on the ordinate. The calculation methods for these two indicators are as follows:

True Positive Rate =
TP

TP + FN
(2)

False Positive Rate =
FP

FP + TN
(3)

3.4.2. Accuracy, Precision, Recall, and the Matthews Correlation Coefficient (MCC)

Accuracy (ACC)

Accuracy =
TP + TN

TP + FP + TN + FN
(4)

Precision and recall correspond to looking at TP from two different dimensions and
the predictive effect of positive examples. Precision is, subjectively, the effect of positive ex-
amples being correctly divided; the denominator of precision is (TP + FP), which represents
the number of all predicted positive examples. Precision represents the proportion of all
positive examples that are actually positive. Precision represents the subjective prediction
effect of positive examples. Recall is, objectively, the positive example correctly classified.
The denominator of recall is (TP + FN), which represents the number of all actual positive
instances. Recall represents the proportion of predictions that are correct among all actual
positive examples. Recall indicates whether the prediction effect of the positive example is
good or not.

In binary classification tasks, precision (P-score) and recall (R-score) are commonly
used to evaluate model effectiveness. Precision measures the accuracy of positive pre-
dictions, while recall assesses the ability of the model to identify all relevant instances.
However, when these metrics yield divergent results, it complicates the comparison of
different models’ performance. For instance, consider two models, A and B: Model A
exhibits a higher recall, whereas Model B demonstrates a greater precision. To resolve this
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dilemma and provide a balanced evaluation, the F-score is employed. This metric integrates
precision and recall into a single score, offering a comprehensive measure of a model’s
accuracy and completeness. Specifically, the F1 score is used in our analysis, assigning
equal importance to both precision and recall, thereby facilitating nuanced comparisons
between models where traditional metrics might conflict.

Precision (P-score)

Psocre =
TP

TP + FP
(5)

Recall (R-score)

Rscore =
TP

TP + FN
(6)

F1-Score (F-score)

F1score =
2 × Psocre × Rscore

Psocre + TRscore
(7)

In ML, the Matthews correlation coefficient (MCC) has been used as a measure of
binary classifications, even if the two classes are of very different sizes [32]. The MCC is
defined as follows:

MCC =
TP × TN − FP × FN√

(TP + FP)(TP + FN)(TN + FP)(TN + FN)
(8)

3.4.3. Information Gain Ratio (IGR) Method

In this research, the information gain ratio (IGR) method was employed using the
training dataset. A higher IGR value for a landslide causative factor indicates its greater
importance to the models. An IGR of zero signifies that a factor contributes nothing to the
models and should be excluded [30,33].

4. Results and Discussion
4.1. Importance of Features

As shown in Figure 6, the IGR values of all 13 factors exceeded zero, indicating their
relevance to landslide modeling in our study. Consequently, all selected landslide causative
factors were utilized for modeling. However, slight regional variations were observed in
IGR values across the three areas. The NIG and IWT regions exhibited similar IGR patterns,
while the HKD region showed distinct differences.
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In all study areas, the features with high IGR values primarily included topography
and rainfall data, whereas geological data and distance to road, river, and faults had lower
IGR values. Compared with geological data, according to the landslide distribution map
and feature distribution map, landslides have a larger distribution range of topography
and rain data, but the distribution range is smaller in geological data, shown in Figure 7.
At the same time, the impact of topography and rain data on landslides is more intuitive.
For example, in mountainous areas with high altitudes, large slopes, and dense rainwater,
landslides are more likely to occur than in other areas. In the study area, landslides are
concentrated in one or few types of soil, land use, and lithology. In the HKD area, all IGR
values are smaller than the IWT and NIG areas. The main reason is that the landslides in
distribution HKD are concentrated in the upper right part of this area, and the relative
number of recorded landslides is far less than those in the other two study areas.
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4.2. Window Size
4.2.1. Window Size and Landslide Scale

Our study extended the analysis of CNN model performance across different landslide
area scales, randomly selecting 24 landslides of different scales with a unified 9 km2 study
area in the three study areas of HKD, NIG, and IWT, to study the input window size and
landslide scale. The changes in landslide scale and AUC of different CNN-i models are
shown in Figure 8.
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across landslide scale.

The analysis of CNN models, ranging from CNN-3 to CNN-27, illustrates their effec-
tiveness in predicting landslide scales through a comparison of average AUC values for all
samples and Pearson correlation coefficients (as shown in Figure 9). This study emphasizes
the crucial role of input window size in determining model accuracy and its correlation
with actual landslide dimensions. Models like CNN-19 and CNN-23 stand out, achieving
the highest AUC scores, which suggests their strong ability to capture critical features
with well-sized input windows. In contrast, the smallest (CNN-3) and largest (CNN-27)
window sizes exhibited lower correlation coefficients, likely due to underfitting and over-
fitting, respectively. The optimal range of window sizes, identified between 15 × 15 and
23 × 23 pixels, strikes a balance by providing sufficient contextual information without
introducing excessive noise. This range enhances classification accuracy and maintains
strong correlations with real-world landslide data, optimizing both predictive power and
model relevance.
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Building on these findings, the decision was made to employ CNN models ranging
from CNN-15 to CNN-23 to analyze the entire study area, while also examining the results
of CNN-3 to CNN-11 for comparison. Models within the CNN-15 to CNN-23 range,
with their medium-sized input windows, are particularly effective at capturing essential
landscape features related to landslide scales, thereby ensuring high performance. This
effectiveness is reflected in their high average AUC values, indicating strong discriminative
capabilities in classifying landslide-prone and non-landslide areas. Among these, CNN-
15 stands out, exhibiting the highest Pearson correlation coefficients, which validate a
strong linear relationship between the model’s predictions and actual landslide sizes.
This correlation is vital because it confirms the models’ capacity to generate results that
accurately reflect real-world geological conditions. The adaptability of these models across
different terrains further enhances their suitability for broad-scale geographical analyses,
making them valuable tools for reliable and precise landslide prediction. This precision
is crucial for comprehensive landslide risk assessment and management. By strategically
selecting CNN-15 to CNN-23 models, the approach optimizes performance across key
metrics, setting the stage for future improvements. This could include hybrid or ensemble
methods, which have the potential to further increase both accuracy and applicability in
various environmental contexts.

4.2.2. Window Size and Whole Study Area

Based on the results from the trained models for each study area (HKD, NIG, and IWT)
using both downsampling and oversampling methods while varying window sizes, the
findings confirm that, regardless of the sampling method, increasing the window size leads
to improvements in evaluation indices such as AUC, P-score, and R-score. For example,
in the HKD region, the trained model’s accuracy improved from 0.907 with a 3 × 3 pixel
window size to 0.943 with a 19 × 19 pixel window size. Similarly, the AUC increased
from 0.964 to 0.982 (in Tables 3 and A3). When applied to the test data, the model also
demonstrated improvements, with accuracy increasing from 0.887 to 0.913 and the P-score
rising from 0.216 to 0.271 as the window size increased (in Tables 4 and A4). Comparison
with results in Table A1 for ACC and AUC from machine learning demonstrates that the
CNN model outperforms traditional machine learning approaches across all window sizes,
indicating a more robust performance.

Larger window sizes allow the model to capture a wider range of environmental
variables simultaneously, enabling it to understand more complex interactions. For ex-
ample, larger windows can incorporate diverse topographical gradients, soil types, and
hydrological features that smaller windows may overlook, leading to a more detailed
comprehension of landslide triggers. By offering a broader spatial context, CNN mod-
els can distinguish more effectively between landslide-prone and stable areas. This is
particularly advantageous in complex terrains where local conditions may not fully rep-
resent regional dynamics, and larger windows provide a macroscopic view that helps in
identifying patterns indicating instability.

Among the various CNN configurations tested, CNN-19 emerges as the best model for
predicting landslide scales, outperforming models like CNN-15 and CNN-23. CNN-19’s
19 × 19 input window strikes an ideal balance—large enough to include essential terrain
features for accurate landslide modeling, yet small enough to avoid incorporating irrelevant
data that could lower performance. This optimal window size allows CNN-19 to capture a
comprehensive landscape view while maintaining generalization across diverse terrains
without the underfitting or overfitting issues associated with smaller (CNN-15) or larger
(CNN-23) windows.

In addition to high AUC values, CNN-19 maintains strong Pearson correlation co-
efficients, ensuring that its predictions not only effectively classify landslide-prone areas
but also align closely with actual landslide dimensions, reflecting a reliable geological
understanding. While CNN-15 may be underfit in complex terrains due to its smaller
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window, and CNN-23 may be overfit by incorporating excessive noise, CNN-19 strikes the
right balance, making it the most effective in capturing the dynamics of landslides.

However, larger window sizes come with challenges, such as increased computational
demand and higher memory requirements, which can limit real-time application. Addi-
tionally, the resolution of the input data is critical for selecting the optimal window size.
Future research could explore multi-scale analysis, training models with different window
sizes to improve robustness, or integrating CNNs with other machine learning methods
to mitigate the limitations of single-scale models, potentially resulting in more accurate
landslide prediction systems.

Table 3. (a) Trained CNN-15 to CNN-23 model results with downsampling method. (b) Test group
results using trained CNN-15 to CNN-23 models with downsampling method.

(a)

Train
Area Model

Confusion Matrix
ACC P-Score R-Score F-Score AUCTP FP TN FN

HKD
(Down)

CNN-15 48,138 4552 44,786 1436 0.939 0.914 0.971 0.941 0.981
CNN-19 48,015 4457 45,211 1229 0.943 0.915 0.975 0.944 0.982
CNN-23 46,608 3179 46,189 2936 0.938 0.936 0.941 0.938 0.982

NIG (Down)
CNN-15 46,611 10,036 37,114 372 0.889 0.823 0.992 0.900 0.949
CNN-19 46,759 10,286 36,878 210 0.888 0.820 0.996 0.899 0.950
CNN-23 46,402 9645 37,483 603 0.891 0.828 0.987 0.901 0.953

IWT
(Down)

CNN-15 109,643 13,044 100,619 3974 0.925 0.894 0.965 0.928 0.973
CNN-19 109,426 13,511 99,928 4415 0.921 0.890 0.961 0.924 0.969
CNN-23 109,232 13,207 100,595 4246 0.923 0.892 0.963 0.926 0.973

(b)

Test
Area Model

Confusion Matrix
ACC P-Score R-Score F-Score MCCTP FP TN FN

HKD
(Down)

CNN-15 120,168 336,599 3,303,741 3472 0.910 0.263 0.972 0.414 0.480
CNN-19 120,754 324,446 3,315,894 2886 0.913 0.271 0.977 0.425 0.490
CNN-23 116,595 231,030 3,409,310 7045 0.937 0.335 0.943 0.495 0.541

NIG (Down)
CNN-15 116,790 311,512 1,153,172 876 0.803 0.273 0.993 0.428 0.461
CNN-19 117,145 319,558 1,145,126 521 0.798 0.268 0.996 0.423 0.456
CNN-23 116,266 298,753 1,165,931 1400 0.810 0.280 0.988 0.437 0.468

IWT
(Down)

CNN-15 274,207 503,575 3,885,168 9892 0.890 0.353 0.965 0.516 0.546
CNN-19 273,211 520,643 3,868,100 10,888 0.886 0.344 0.962 0.507 0.536
CNN-23 273,526 506,337 3,882,406 10,573 0.889 0.351 0.963 0.514 0.543

Table 4. (a) Trained CNN-15 to CNN-23 model results with oversampling method. (b) Test group
results using trained CNN-15 to CNN-23 models with oversampling method.

(a)

Train
Area Model

Confusion Matrix
ACC P-Score R-Score F-Score AUCTP FP TN FN

HKD
(Over)

CNN-15 1,452,864 74,311 1,381,416 3681 0.973 0.951 0.997 0.974 0.995
CNN-19 1,454,869 59,765 1,396,738 900 0.979 0.961 0.999 0.980 0.997
CNN-23 1,386,938 118,275 1,338,441 68,618 0.936 0.921 0.953 0.937 0.979

NIG (Over)
CNN-15 581,178 64,862 521,115 4593 0.941 0.900 0.992 0.944 0.981
CNN-19 584,992 68,492 516,619 1645 0.940 0.895 0.997 0.943 0.983
CNN-23 577,578 108,612 477,954 7604 0.901 0.842 0.987 0.909 0.955

IWT
(Over)

CNN-15 1,718,580 117,579 1,637,565 37,271 0.956 0.936 0.979 0.957 0.986
CNN-19 1,717,931 81,962 1,673,660 37,442 0.966 0.954 0.979 0.966 0.991
CNN-23 1,750,909 273,065 1,482,606 4415 0.921 0.865 0.997 0.927 0.972
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Table 4. Cont.

(b)

Test
Area Model

Confusion Matrix
ACC P-Score R-Score F-Score MCCTP FP TN FN

HKD
(Over)

CNN-15 123,334 184,167 3,456,173 306 0.951 0.401 0.998 0.572 0.616
CNN-19 123,564 147,155 3,493,185 76 0.961 0.456 0.999 0.627 0.662
CNN-23 117,825 294,533 3,345,807 5815 0.920 0.286 0.953 0.440 0.498

NIG (Over)
CNN-15 116,748 159,136 1,305,548 918 0.899 0.423 0.992 0.593 0.611
CNN-19 117,332 169,400 1,295,284 334 0.893 0.409 0.997 0.580 0.600
CNN-23 116,154 271,395 1,193,289 1512 0.828 0.300 0.987 0.460 0.489

IWT
(Over)

CNN-15 278,007 294,255 4,094,488 6092 0.936 0.486 0.979 0.649 0.664
CNN-19 278,052 204,274 4,184,469 6047 0.955 0.576 0.979 0.726 0.732
CNN-23 283,393 683,656 3,705,087 706 0.854 0.293 0.998 0.453 0.496

Furthermore, the inherent imbalance in the test data structure may lead to a dispar-
ity between the test and trained model results, with test results often underperforming
compared to the trained models.

4.3. Sampling Method

As shown in Tables 3 and 4 and Figures 10–12, evaluation indices such as AUC, P-
score, and R-score obtained from models trained using the oversampling method tend to
be higher than those using the downsampling method. This improvement is evident in
both training and test results.

The superiority of oversampling is particularly pronounced in the test model, where it
outperforms the downsampling technique. Firstly, oversampling increases the number of
samples across the entire dataset, which is crucial for training CNN models. Secondly, the
oversampled data in this study consist of landslide data samples, making them distinct
from non-landslide data. Achieving data alignment and sample balance is essential in deep
learning, and oversampling effectively addresses these concerns.

As a result, oversampling increases the representation of landslide instances in the
training data, significantly enhancing the model’s ability to detect subtle cues associated
with landslide occurrences. This method reduces the model’s bias towards the more
frequent non-landslide class. However, it may also introduce variance by potentially over-
fitting to the landslide class, particularly if the oversampling technique simply replicates
existing samples without introducing variability.
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On the other hand, while downsampling helps balance the classes by reducing the size
of the dominant non-landslide class, it risks losing valuable information critical for identify-
ing landslides. This approach can inadvertently simplify the model’s view of the landscape,
potentially leading to underfitting and poorer generalization on new, unseen data.

In summary, both oversampling and downsampling have certain drawbacks. Further
research should investigate adaptive sampling techniques that dynamically adjust the
sampling method based on real-time model performance and feedback. This approach
could optimize the balance between bias and variance dynamically, improving model
accuracy and generalizability. Additionally, exploring advanced oversampling techniques
that introduce more realistic variability into the training data could help develop more
robust and accurate landslide prediction models.

4.4. Visualization

Landslide Susceptibility Mapping (LSM), Landslide Inventory Mapping (LIM), and
the confusion matrix (CM) based on CNN models ranging from CNN-15 to CNN-23 are
shown in Figures 13–21. The LSM categorizes landslide risk into five levels: very low, low,
moderate, high, and very high, enabling precise risk assessment across various geographic
regions. LIM, on the other hand, uses the outcomes from the trained CNN models to test
and predict the original dataset. The key difference between LSM and LIM is that LSM
assesses potential hazard levels, while LIM focuses on the detection of actual landslide
events. The confusion matrix (CM) visualization further provides a detailed analysis of the
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model’s performance, giving insights into accuracy, recall, precision, and misclassification
rates within each category. This helps to identify both the model’s strengths and areas
where the model needs improvement.

Appl. Sci. 2024, 14, x FOR PEER REVIEW 19 of 31 
 

Figure 12. ROC curve in downsampling and oversampling in IWT based on CNN-i. 

4.4. Visualization 
Landslide Susceptibility Mapping (LSM), Landslide Inventory Mapping (LIM), and 

the confusion matrix (CM) based on CNN models ranging from CNN-15 to CNN-23 are 
shown in Figures 13–21. The LSM categorizes landslide risk into five levels: very low, low, 
moderate, high, and very high, enabling precise risk assessment across various geographic 
regions. LIM, on the other hand, uses the outcomes from the trained CNN models to test 
and predict the original dataset. The key difference between LSM and LIM is that LSM 
assesses potential hazard levels, while LIM focuses on the detection of actual landslide 
events. The confusion matrix (CM) visualization further provides a detailed analysis of 
the model’s performance, giving insights into accuracy, recall, precision, and misclassifi-
cation rates within each category. This helps to identify both the model’s strengths and 
areas where the model needs improvement. 

Across different study areas, CNN-19 stands out, outperforming both CNN-15 and 
CNN-23 in terms of accuracy and predictive reliability, particularly when paired with so-
phisticated sampling techniques. 

 

 
Figure 13. LSM, CM, and LIM in CNN-15 (upper: downsampling, lower: oversampling). 

Figure 13. LSM, CM, and LIM in CNN-15 (upper: downsampling, lower: oversampling).

Appl. Sci. 2024, 14, x FOR PEER REVIEW 20 of 31 
 

 

 
Figure 14. LSM, CM, and LIM of HKD in CNN-19 (upper: downsampling, lower: oversampling). 

 

 
Figure 15. LSM, CM, and LIM of HKD in CNN-23 (upper: downsampling, lower: oversampling). 

Figure 14. LSM, CM, and LIM of HKD in CNN-19 (upper: downsampling, lower: oversampling).



Appl. Sci. 2024, 14, 10571 20 of 31

Appl. Sci. 2024, 14, x FOR PEER REVIEW 20 of 31 
 

 

 
Figure 14. LSM, CM, and LIM of HKD in CNN-19 (upper: downsampling, lower: oversampling). 

 

 
Figure 15. LSM, CM, and LIM of HKD in CNN-23 (upper: downsampling, lower: oversampling). 

Figure 15. LSM, CM, and LIM of HKD in CNN-23 (upper: downsampling, lower: oversampling).

Appl. Sci. 2024, 14, x FOR PEER REVIEW 21 of 31 
 

 

 
Figure 16. LSM, CM, and LIM of NIG in CNN-15 (upper: downsampling, lower: oversampling). 

 

 
Figure 17. LSM, CM, and LIM of NIG in CNN-19 (upper: downsampling, lower: oversampling). 

Figure 16. LSM, CM, and LIM of NIG in CNN-15 (upper: downsampling, lower: oversampling).



Appl. Sci. 2024, 14, 10571 21 of 31

Appl. Sci. 2024, 14, x FOR PEER REVIEW 21 of 31 
 

 

 
Figure 16. LSM, CM, and LIM of NIG in CNN-15 (upper: downsampling, lower: oversampling). 

 

 
Figure 17. LSM, CM, and LIM of NIG in CNN-19 (upper: downsampling, lower: oversampling). Figure 17. LSM, CM, and LIM of NIG in CNN-19 (upper: downsampling, lower: oversampling).

Appl. Sci. 2024, 14, x FOR PEER REVIEW 22 of 31 
 

 

 
Figure 18. LSM, CM, and LIM of NIG in CNN-23 (upper: downsampling, lower: oversampling). 

 

 
Figure 19. LSM, CM, and LIM of IWT in CNN-15 (upper: downsampling, lower: oversampling). 

Figure 18. LSM, CM, and LIM of NIG in CNN-23 (upper: downsampling, lower: oversampling).



Appl. Sci. 2024, 14, 10571 22 of 31

Appl. Sci. 2024, 14, x FOR PEER REVIEW 22 of 31 
 

 

 
Figure 18. LSM, CM, and LIM of NIG in CNN-23 (upper: downsampling, lower: oversampling). 

 

 
Figure 19. LSM, CM, and LIM of IWT in CNN-15 (upper: downsampling, lower: oversampling). 
Figure 19. LSM, CM, and LIM of IWT in CNN-15 (upper: downsampling, lower: oversampling).

Appl. Sci. 2024, 14, x FOR PEER REVIEW 23 of 31 
 

 

 
Figure 20. LSM, CM, and LIM of IWT in CNN-19 (upper: downsampling, lower: oversampling). 

 

 
Figure 21. LSM, CM, and LIM of IWT in CNN-23 (upper: downsampling, lower: oversampling). 

  

Figure 20. LSM, CM, and LIM of IWT in CNN-19 (upper: downsampling, lower: oversampling).



Appl. Sci. 2024, 14, 10571 23 of 31

Appl. Sci. 2024, 14, x FOR PEER REVIEW 23 of 31 
 

 

 
Figure 20. LSM, CM, and LIM of IWT in CNN-19 (upper: downsampling, lower: oversampling). 

 

 
Figure 21. LSM, CM, and LIM of IWT in CNN-23 (upper: downsampling, lower: oversampling). 
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Across different study areas, CNN-19 stands out, outperforming both CNN-15 and
CNN-23 in terms of accuracy and predictive reliability, particularly when paired with
sophisticated sampling techniques.

4.5. Versatility

The accuracy and confusion matrix of the results shown in Table 5 was obtained by
applying the CNN models trained on data from one study area to test data from a different
study area. These results indicate that using HKD as the training area produces better
outcomes than when NIG or IWT are used as training regions. Similarly, when evaluated
based on R-score and AUC, training on HKD achieves higher performance. Additionally,
LSM corroborates these findings, as depicted in Figures 22–24. Although accuracy alone
does not fully confirm the proposed CNN model’s versatility, the obtained results are
generally acceptable, given the substantial amount of non-landslide data.

Table 5. Different test area results based on different area-trained CNN-19 model with oversampling.

Train Test Model
Confusion Matrix

ACC P-Score R-Score F-Score AUC MCCTP FP TN FN

HKD
(Over)

IWT

CNN-19

126,527 524,167 3,864,576 157,572 0.854 0.194 0.445 0.271 0.785 0.225
NIG 46,008 166,957 1,297,727 71,658 0.849 0.216 0.391 0.278 0.672 0.213

NIG
(Over)

IWT 71,519 582,257 3,806,486 212,580 0.830 0.109 0.252 0.153 0.700 0.082
HKD 62,254 624,565 3,015,775 61,386 0.818 0.091 0.504 0.154 0.785 0.153

IWT
(Over)

HKD 36,024 239,514 3,400,826 87,616 0.913 0.131 0.291 0.180 0.618 0.154
NIG 4803 12,500 1,452,184 112,863 0.921 0.278 0.041 0.071 0.385 0.081
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Analysis of the Information Gain Ratio (IGR) results suggest a possible explanation
for the notable differences observed between the HKD and the NIG and IWT regions. In
the HKD area, no single feature exhibits significant influence, whereas in the NIG and IWT
regions, certain features demonstrate a significantly higher influence compared to others,
leading to pronounced regional characteristics. Consequently, the model is influenced by
these regional characteristics during the training process. However, such strong regional
characteristics are absent in the HKD area. Therefore, when the HKD area is used as the
training area, the model’s performance when applied to other areas is generally better
compared to when the NIG and IWT areas are used as training areas. The variation in IGR
among different features across regions suggests that certain features are more influential
in some areas than in others. This disparity implies that a model’s ability to generalize
across regions can be enhanced by identifying and focusing on features that offer the most
predictive power universally, rather than those that are region-specific.
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Based on the versatility tests conducted in this research, it must be acknowledged that
there are significant challenges in achieving versatility. However, the results also point
to specific directions for future efforts. To improve the universality of models, two key
aspects must be prioritized. Firstly, when selecting features, it is crucial to avoid those with
strong regional characteristics, as these can limit the model’s applicability across different
contexts. Secondly, during the model training and testing processes, it is essential to select
appropriate sampling methods and model structures. This ensures the development of
robust models that are universally applicable. Despite these focused efforts, it is important
to recognize that achieving high-precision generalization with the current models remains
a challenging task. Therefore, continued research and refinement of models are necessary
to enhance their predictive accuracy and generalizability. Additionally, at the current stage,
a practical approach remains to assess landslide risks based on specific regional historical
landslide records and characteristics. This method leverages localized knowledge and data,
allowing for more targeted and effective risk assessment and the potential for proactive
landslide mitigation strategies.

5. Conclusions

This study extensively explores the effectiveness of convolutional neural network
(CNN) models in landslide risk assessment across three distinct regions, employing various
evaluation metrics to assess predictive accuracy, model adaptability, and the impact of
regional characteristics and sampling techniques on model performance.

The analysis reveals that increasing the CNN window size significantly improves the
model’s predictive capabilities by more comprehensively capturing environmental features,
crucial for accurately predicting landslide occurrences. The generalizability of CNN-19
across diverse geographical settings further underscores its suitability for comprehensive
analysis across extensive study areas. It adapts well to different environmental conditions,
ensuring consistency in predictive performance and reliability. The strategic selection of
CNN-19 for landslide scale analysis leverages its capabilities to optimize performance on
critical metrics, making it the most appropriate model for such applications. Its ability
to balance feature capture with accurate and relevant output makes it a pivotal tool for
landslide risk assessment and management, potentially guiding future enhancements and
the exploration of hybrid or ensemble models to elevate accuracy and applicability in varied
environmental settings. However, the study observes a significant performance disparity
between the training and test models, largely due to data imbalances within the test
datasets. This discrepancy is more pronounced in scenarios where there is a considerable
gap between the number of landslide and non-landslide data points in the original dataset.
To address these imbalances, our comparative analysis of downsampling and oversampling
techniques demonstrates that oversampling notably enhances model performance in the
test sets. This method proves particularly beneficial in imbalanced scenarios, improving
model accuracy and overall effectiveness by providing a more balanced representation of
both landslide and non-landslide conditions.

Regarding model versatility, the study explores the implications of varying window
sizes, sampling methods, and regional feature sensitivities as reflected in Information
Gain Ratio (IGR) findings. The results underscore the importance of considering regional
characteristics in model training to enhance adaptability and generalizability across differ-
ent landscapes. Oversampling emerges as a strategic approach to overcome data scarcity
and imbalance challenges, significantly contributing to the development of robust models
capable of delivering reliable predictions across diverse environmental settings.

Future research should explore advanced machine learning algorithms like Generative
Adversarial Networks (GANs) and Recurrent Neural Networks (RNNs) to further enhance
model robustness and accuracy. An in-depth examination of the influence of various envi-
ronmental features on landslide predictions and optimizing feature engineering are vital
steps. Additionally, increasing the generalizability of models across regions with varied
geological and climatic conditions, and integrating CNN models into real-time disaster



Appl. Sci. 2024, 14, 10571 26 of 31

monitoring systems, will improve adaptability and practicality. To further enhance this
approach, adopting more flexible CNN models and sampling methods is essential. For
instance, combining CNN models with different window sizes can be particularly effective.
The selection of appropriate sampling methods should be based on the actual conditions of
the data, allowing for region-specific adaptations. Not only does this approach tailor the
solution to the environmental context, but it also optimizes computational costs. These ini-
tiatives are crucial for developing robust models that deliver reliable predictions in diverse
environments, thereby advancing disaster risk management and mitigation practices.
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Appendix A

Table A1. Results obtained by machine learning in three study areas.

Area LR DT RF KNN ANN MLP

NIG
ACC 0.704 0.873 0.654 0.832 0.827 0.811
AUC 0.744 0.873 0.654 0.931 0.919 0.914

HKD
ACC 0.873 0.952 0.726 0.912 0.913 0.898
AUC 0.873 0.952 0.839 0.967 0.969 0.958

IWT
ACC 0.802 0.908 0.756 0.848 0.880 0.876
AUC 0.769 0.961 0.844 0.927 0.938 0.942

Table A2. Trained CNN-3 to CNN-11 model results with downsampling method.

Train
Area Model

Confusion Matrix
ACC P-Score R-Score F-Score AUCTP FP TN FN

HKD
(Down)

CNN-3 45,835 5759 43,881 3437 0.907 0.888 0.930 0.909 0.964
CNN-7 47,525 5837 43,744 1806 0.923 0.891 0.963 0.926 0.971

CNN-11 47,170 4520 44,981 2241 0.932 0.913 0.955 0.933 0.977

NIG
(Down)

CNN-3 46,111 10,928 36,115 979 0.874 0.808 0.979 0.886 0.933
CNN-7 46,364 10,302 36,799 668 0.883 0.818 0.986 0.894 0.944

CNN-11 46,643 10,986 36,233 271 0.880 0.809 0.994 0.892 0.945

IWT
(Down)

CNN-3 106,053 15,428 98,251 7548 0.899 0.873 0.934 0.902 0.959
CNN-7 109,538 16,030 97,962 3750 0.913 0.872 0.967 0.917 0.966

CNN-11 109,430 14,585 99,164 4101 0.918 0.882 0.964 0.921 0.970
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Table A3. Test group results using trained CNN-3 to CNN-11 model with downsampling method.

Test
Area Model

Confusion Matrix
ACC P-Score R-Score F-Score AUCTP FP TN FN

HKD
(Down)

CNN-3 115,233 418,198 3,222,142 8407 0.887 0.216 0.932 0.351 0.418
CNN-7 119,219 425,302 3,215,038 4421 0.886 0.219 0.964 0.357 0.429

CNN-11 118,046 336,527 3,303,813 5594 0.909 0.260 0.955 0.408 0.472

NIG
(Down)

CNN-3 115,298 344,422 1,120,262 2368 0.781 0.251 0.980 0.399 0.430
CNN-7 116,072 319,706 1,144,978 1594 0.797 0.266 0.986 0.419 0.451

CNN-11 117,009 341,023 1,123,661 657 0.784 0.255 0.994 0.406 0.441

IWT
(Down)

CNN-3 265,495 599,087 3,789,656 18,604 0.868 0.307 0.935 0.462 0.491
CNN-7 274,943 622,882 3,765,861 9156 0.865 0.306 0.968 0.465 0.501

CNN-11 274,090 567,355 3,821,388 10,009 0.876 0.326 0.965 0.487 0.520
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(c) Lithology, and (d) Vegetation.

Table A4. Trained CNN-3 to CNN-11 model results with oversampling method.

Train
Area Model

Confusion Matrix
ACC P-Score R-Score F-Score AUCTP FP TN FN

HKD
(Over)

CNN-3 1,426,211 124,347 1,331,308 30,406 0.947 0.920 0.979 0.949 0.984
CNN-7 1,445,542 110,236 1,345,726 10,768 0.958 0.929 0.993 0.960 0.990

CNN-11 1,449,994 85,648 1,370,168 6462 0.968 0.944 0.996 0.969 0.993

NIG
(Over)

CNN-3 581,436 121,195 464,813 4304 0.893 0.828 0.993 0.903 0.952
CNN-7 581,505 98,173 487,608 4462 0.912 0.856 0.992 0.919 0.966

CNN-11 580,933 78,093 507,844 4878 0.929 0.882 0.992 0.933 0.974

IWT
(Over)

CNN-3 1,713,553 180,576 1,573,831 43,035 0.936 0.905 0.976 0.939 0.979
CNN-7 1,721,697 163,870 1,591,188 34,240 0.944 0.913 0.981 0.946 0.983

CNN-11 1,737,835 149,781 1,606,272 17,107 0.952 0.921 0.990 0.954 0.987
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Table A5. Test group results using trained CNN-3 to CNN-11 model with downsampling method.

Test
Area Model

Confusion Matrix
ACC P-Score R-Score F-Score AUCTP FP TN FN

HKD
(Over)

121085 311,546 3,328,794 2555 0.917 0.280 0.979 0.435 0.499 121,085
122725 274,251 3,366,089 915 0.927 0.309 0.993 0.471 0.532 122,725
123090 212,257 3,428,083 550 0.943 0.367 0.996 0.536 0.586 123,090

NIG
(Over)

CNN-3 116,797 302,690 1,161,994 869 0.808 0.278 0.993 0.435 0.467
CNN-7 116,759 245,016 1,219,668 907 0.845 0.323 0.992 0.487 0.515

CNN-11 116,676 194,057 1,270,627 990 0.877 0.375 0.992 0.545 0.567

IWT
(Over)

CNN-3 277,195 450,606 3,938,137 6904 0.902 0.381 0.976 0.548 0.575
CNN-7 278,574 408,079 3,980,664 5525 0.911 0.406 0.981 0.574 0.599

CNN-11 281,337 373,809 4,014,934 2762 0.919 0.429 0.990 0.599 0.623
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