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Abstract Landslide is one of the most devastating natural disasters across the
world with serious negative impact on its inhabitants and the environs. Landslide is
considered as a type of soil erosion which could be shallow, deep-seated, cut slope,
bare soil, and so on. Distinguishing between these types of soil erosions in dense
vegetation terrain like Cameron Highlands Malaysia is still a challenging issue.
Thus, it is difficult to differentiate between these erosion types using traditional
techniques in locations with dense vegetation. Light detection and ranging (LiDAR)
can detect variations in terrain and provide detailed topographic information on
locations behind dense vegetation. This paper presents a hierarchical rule-based
classification to obtain accurate map of landslide types. The performance of the
hierarchical rule set classification using LiDAR data, orthophoto, texture, and
geometric features for distinguishing between the classes would be evaluated.
Fuzzy logic supervised approach (FbSP) was employed to optimize the segmen-
tation parameters such as scale, shape, and compactness. Consequently, a
correlation-based feature selection technique was used to select relevant features to
develop the rule sets. In addition, in other to differentiate between deep-seated cover
under shadow and normal shadow, the band ration was created by dividing the
intensity over the green band. The overall accuracy and the kappa coefficient of the
hierarchal rule set classification were found to be 90.41 and 0.86%, respectively, for
site A. More so, the hierarchal rule sets were evaluated using another site named
site B, and the overall accuracy and the kappa coefficient were found to be 87.33
and 0.81%, respectively. Based on these results, it is demonstrated that the proposed
methodology is highly effective in improving the -classification accuracy.
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The LiDAR DEM data, visible bands, texture, and geometric features considerably
influence the accuracy of differentiating between landslide types such as shallow
and deep-seated and soil erosion types like cut slope and bare soil. Therefore, this
study revealed that the proposed method is efficient and well-organized for dif-
ferentiating among landslide and other soil erosion types in tropical forested areas.
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1 Introduction

Landslide, a destructive natural disaster, causes serious damage to lives and
properties in many parts of the world. Landslides are naturally widely distributed
and greatly endanger the safety and property of inhabitants. The main factors that
trigger landslide are intense rainfall, volcanic eruption, earth tremor, changes in
water level, and snowmelt. The occurrence of these natural disasters calls for the
need for landslide inventory maps. The inventory maps could help in acquiring
information such as magnitude of a landslide in an area, perform the initial steps in
analysing its susceptibility, hazard, and risk of the landslide, study the patterns,
distributions, shape, and type of landslides, and the evolution of landscape affected
by landslides [1-4]. Rapid vegetation growth in tropical regions poses a serious
challenge in producing a landslide inventory map, because it is hard to ascertain
landslide location using the conventional recognition techniques due to the effect of
vegetation cover, thus, the need for a rapid and accurate approach. However, vis-
ibility in heavy vegetation is a challenging issue in geomorphical mapping in
tropical region [5]. Several techniques exist for detecting surface processes and fault
reactivations in remote sensing [6]. Light detection and ranging (LiDAR) is a
relatively new technique of remote sensing compared with other methods [2].
Compared to traditional techniques, LiDAR data makes use of active laser trans-
mitters and receivers to obtain data of elevations more rapidly and accurately [6].
Normally, LiDAR data offers better performance over other remote sensing data
due to its ability to penetrate areas with dense vegetation and provide important
information on terrain with a high point density [2]. Useful information regarding
topographic feature can be obtained by using high-resolution LiDAR-derived
DEM. It depicts the ground surface and provides important information landslides
covered by vegetation [7]. According to Whitworth et al. [8], LiIDAR is a powerful
and promising tool for detecting landslides and map feature under dense vegetation.
Furthermore, LiDAR imagery has the capacity to study many small landslides that
occurred in the past and present, and its effectiveness in mapping landslides formed
by naked slopes and its vulnerability to future landslides [9]. The identification of
three parameters is necessary for multiresolution segmentation algorithm namely,
shape, scale, and compactness. However, it is time-consuming to determine these
parameters using trial-and-error method [2]. To determine the optimal parameters
automatically, various optimization techniques have been proposed and applied to
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multiresolution segmentation algorithms [10-13]. Pradhan et al. [2] proposed a new
optimization technique refers to as Taguchi method for landslide identification. In
this work, the segmentation parameter optimization known as fuzzy-based seg-
mentation parameter [FbSP] optimizer developed by Zhang et al. [14] was utilized
to produce the optimized parameters at different segmentation levels. Depending on
its movement characteristics and volume, landslides are classified as shallow or
deep-seated [1]. In any case, both types differ in terms of volume, size, and damage
influence, even though it is difficult to evaluate landslide mass volume [15].
Large-scale deep-seated landslides mostly result from the interaction between
natural denudation processes and long-term rainfall while the shallow landslides are
associated with short high-intensity rainfalls [15]. Several research works have been
carried out to identify different landslide types using LiDAR data [1, 6, 16-21].
Valuable and significant information have been obtained for active geological
process like landslide that reshapes topography. Therefore, it is highly imperative to
differentiate between various types of landslides by investigating the geomorpho-
logical development of hillsides and the mitigation of landslide hazards [22].
Recently, Pradhan and Mezaal [23] differentiated between shallow and deep-seated
landslides based on optimizing rule set.

Li et al. [24] reported that irrelevant features can be removed effectively using
feature selection algorithms in order to improve the accuracy of classification.
Overfitting may result when dealing with large feature numbers due to irrelevant
input feature [24]. In contrast, the selection of a small possibly minimal feature set
would result in the best possible classification [25]. Important feature should be
selected to improve the results of landslide identification in a particular area [25].
According to Van Westen et al. [3], selecting relevant feature is highly imperative
in distinguishing between landslides and non-landslides and in classifying them.
Improved accuracy is observed after reducing feature [26]. Investigations have
shown that the feature selection techniques have been used for identifying the
locations of landslide and higher performance can be achieved with relevant feature
[25-29]. A hierarchical algorithm can be efficient and robust when sample data and
relevant features are incorporated in the classification, and delineation of image
objects within a number of different scales [26]. Kurtz et al. [29] proposed a
top-down hierarchical region-based framework to segment and classify multireso-
lution images from the lowest to the highest resolution, and extract complex pat-
terns from VHR images. In 2014, Kurtz et al. [29] introduced a hierarchical
approach for landslide detection from multiresolution sets of images. The results
showed the efficiency of the proposed method with different hierarchical levels. In
the same year, Rau et al. [18] proposed the use of three types of remote sensing
data, multilevel segmentation, and hierarchical classification scheme. It was infer-
red that this approach could optimize the accuracy of landslide recognition and user
accuracy.

However, due to the limitation of the research knowledge, none of the afore-
mentioned studies have used LiDAR data only in hierarchical approach to differ-
entiate types of landslide. Therefore, this paper employs only very high-resolution
LiDAR data in hierarchical rule-based classification to accurately discriminate
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between landslide types. In other to achieve this objective, it is imperative to
optimize the multiresolution segmentation parameters and select the most relevant
features from the high-resolution airborne laser scanning data.

2 Study Area

Cameron Highlands is one of the several rainforest areas characterized by a dense
vegetation cover subject to landslide re-occurrences. This region encompasses an
area of 26.7 km? and is located in the northern part of Peninsular Malaysia. It is
situated at a latitude range of 4° 26’ 09"N—4° 27’ 30"N and a longitude range of
101° 23" 02"E-101° 23" 47"E (see Fig. 1). The average annual rainfall in the area
is recorded to be approximately 2,660 mm with an average temperature of
approximately 24 and 14 °C during daytime and nighttime, respectively. About
80% of the area is forest and has relatively flat landforms in the range of 0°-80°.

Figure 1 shows the two sites selected for analysis in this proposed method. In
this model, site “A” was used to develop the proposed method for differentiating
among two types of the landslide and other soil erosion, while site “B” was used to
evaluate the hierarchal developed rule sets putting all features in both sites into
considerations for avoidance of missing classes.

3 Methodology

Several steps were conducted in this study, which includes the LiDAR data and
landslide inventories preprocesses to eliminate the noise and outliers from the
LiDAR point cloud in preparation for the dataset in the subsequent stages. LIDAR
point clouds were used to generate high-resolution (0.5 m) DEM and then drive
other LiDAR-derived products. The LIDAR DEM data are slope, hillshade, aspect,
and so on. Intensity is one of the most important attributes of LiDAR data. Height
feature was derived by digital surface model (DSM) from digital elevation model
(DTM). Afterward, LiDAR-derived products and orthophotos were combined by
correcting their geometric distortions by integrating them into a coordinate system,
which is then prepared in a GIS for feature extraction. Subsequently, the FbSP
optimizer developed by Zhang et al. [14] was used to select the parameters such as
scale, shape, and compactness at different levels of segmentation. A stratified
random method was selected to obtain the training samples and the relevant features
were obtained by using correlation feature selection algorithm. In this work, the
hierarchical rule-based classification was applied to develop the rule sets in line
with data obtained from site “A”. The difference between four types of soil erosion
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Fig. 1 Locations of the site A and B in Cameron Highland, Malaysia
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namely bare soil, cut slope, shallow, and deep-seated was obtained. The evaluation
of hierarchal developed rule sets was carried out in another site “B”. The results
were validated using confusion matrix for examining the classification map based
on the reliability and efficiency (see Fig. 2).
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Fig. 2 The flowchart illustrates the overview of the proposed method

3.1 Data Used

The LiDAR point cloud data were collected in an area of 26.7 km? over the Ringlet
and surrounding area of the Cameron Highlands at a flying height of 1510 m. The
LiDAR data were captured on January 15, 2015. The point density was 8 points per
square meter, and the pulse rate frequency was 25,000 Hz. The absolute accuracy
of the LiDAR data must be restricted to meet the root-mean-square errors of 0.15
and 0.3 m in the vertical and horizontal axes, respectively. The same system for the
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collection of LiDAR point cloud data in the study area was used to collect the
orthophotos. A DEM with 0.5 m spatial resolution was interpolated from the
LiDAR point clouds after the non-ground points were removed using inverse dis-
tance weighting (IDW), with GDM2000/Peninsula RSO as the spatial reference.
Subsequently, the LIDAR-based DEM was used in generating a number of derived
layers to facilitate the detection of landslides and their characteristics [30]. The
slope is considered an important factor of land stability because of its direct impact
on landslide phenomenology [31]. Moreover, the slope is the principal factor
affecting the landslide occurrences [32]. Hillshade map provides a good image
showing terrain movement, and this map facilitates landslide mapping [33]. The
accuracy of DEM accuracy and its capability to represent the surface are affected
not only by terrain morphology and sampling density but also by the interpolation
algorithm [34]. The texture and geometric features contributed to increase the
accuracy of landslide identification [24]. In addition, the intensity derived from the
LiDAR data and texture significantly affects the accuracy of differentiating shallow
from deep-seated landslides [23]. In this research, hillside, intensity, height
(nDSM), slope, and aspect were derived from the LiDAR-DEM data (Fig. 3),
orthophotos, and texture features and used for differentiating between the landslides
types (i.e., shallow and deep-seated) and other types of soil erosion (cut slope and
bare soil).

3.2 Image Segmentation

Image segmentation is the initial and prerequisite step in object-based analyses
because it determines the size and shape of image objects [35]. The selection of the
appropriate parameters of image segmentation relies on the selected application, the
environment under analysis, and the underlying input imagery [35]. In segmenta-
tion, the image is generally subdivided into homogeneous regions [2]. The mul-
tiresolution segmentation algorithm is extensively used in various studies on
eCognition software [35]. Three parameters (scale, shape, and compactness) should
be identified in this algorithm. The values of these parameters can be determined
using the traditional trial-and-error method, which is time-consuming and demands
extensive work [2]. Therefore, various automatic and semiautomatic methods to
identify the optimal parameters have been exploited [10-12, 31]. The Taguchi
optimization method proposed by Pradhan et al. [2] and the fuzzy logic supervised
approach presented by Zhang et al. [14] are among the advanced methods used for
the automatic selection of segmentation parameters. Nevertheless, delineating
image objects at various scales remains a challenge. Furthermore, not all selected
features are completely exploited using a particular segmentation scale.
Accordingly, an automatic method should be directly implemented.
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3.3 Correlation-Based Feature Selection

Selecting only the relevant attributes enhances the quality of landslide identification
and classification in a particular area [25], working with a large number of features
generates several problems. First, the algorithms are slowed down because
numerous resources have to be considered [25]. Second, a higher number of fea-
tures than the number of observations results in low accuracy. Third, irrelevant
input features may lead to overfitting [24]. Therefore, important features should be
selected to improve the accuracy of the feature extraction results. In the current
study, CFS was performed using Weka 3.7 software to select the relevant features.
The method established by Li et al. [36] was adopted in this study. The CFS
algorithm was applied to all the LiDAR-derived data and orthophoto and the
additional texture and geometric features. CFS was performed for determining the
feature subsets to be used for developing the rules for differentiating landslide and
non-landslide types. The CFS method has two basic steps: ranking the initial fea-
tures and eliminating the least important features through an iterative process.

4 Results

4.1 Optimized Segmentation Based on FbSP Optimizer

The FbSP optimizer was used for optimizing the parameters of multiresolution
segmentation such as scale, shape, and compactness. The optimized parameters
contributed in distinguishing between landslides types (shallow and deep-seated)
and non-landslides (bare soil and cut slope). It rapidly increases the classification
accuracy to the highest level. These parameters improve the delineation of the
segmentation boundaries in the classes. The use of this optimized segmentation
parameters also enables us to exploit the spatial and textural features in differen-
tiation of the landslide and non-landslides types. In the proposed method, an
accurate segmentation was necessary to perform the preceding steps. The optimized
segmentation parameters were identified using adequate number of training samples
that include landslide and non-landslide classes. The selected values for the three
parameters, for instance, the initial input parameters in the FbSP optimizer were 50,
0.1, and 0.1 for scale, shape, and compactness, respectively, as shown in Fig. 4a.
After little iteration (3—5 iterations), the optimal results obtained by the FbSP
optimizer were 70, 0.4, and 0.5, for scale, shape, and compactness, respectively, as
illustrated in Fig. 4b. The results of segmentation reveal that the boundaries of
landslide objects are delineated correctly in site A and the rule sets are facilitated
and can be transferred to other site B.
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Fig. 4 Shows the process of optimization segmentation

4.2 Feature Selection Using CFS Method

Table 1 shows the results of a feature selection based on CFS algorithm for site A at
scale of 70. The features input include LiDAR-derived DEM, orthophoto, texture,
and geometric features. In this paper, the selection of the optimal combination was
carried out based on several experimental steps. The experiment commenced from 2
to 100% of the 50 features and the optimal features were obtained at 100 iterations
in accordance with the procedure proposed by Sameen et al. [37]. The result
showed that the high classification accuracy was achieved at 10 features out of the
50 selected features. In the other features, the results indicated that there is no
significance in the differentiation between the classes. It also revealed that using
irrelevant features could result in low accuracy. Table 1 shows that the features
such as intensity, GLCM Homogeneity, and mean red are ranked higher among
others, even though LiDAR data, spectral, and geometric feature also contribute in
distinguishing between the landslide and non-landslides types.

Table 1 Features selected Feature Tteration Rank

based on CFS algorithm -
Intensity 20 1
GLCM homogeneity 18 2
Mean red 20 3
Slope 20 4
Height 17 5
Length/width 20 6
Mean green 20 7
Mean blue 18 8
Area 15 9
Mean DTM 20 10
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4.3 Developed Rule Sets Based on Hierarchal Classification

Figure 5 shows the structure of soil erosion types such as landslide (i.e., shallow
and deep-seated) and non-landslide (i.e., cut slope and bare soil). It is problematic
to differentiate between the abovementioned classes due to their similarity in
characteristics. Using trial-and-error method to optimize and develop, rule set is
time-consuming and optimum rule sets are difficult to identify. The rule sets were
automatically developed using data mining algorithm that refers to DT algorithm
and was implemented in MATLAB R2015b. The advantage of using the MATLAB
software is because it uses Gini’s index as the separation criterion [38]. Hence, this
work applies data mining algorithm called decision tree (DT) and important features
to develop the rule sets. The 15 rule sets developed were used to differentiate
between landslide and non-landslides types as described in Table 2. Three hierar-
chical levels were conducted to differentiate among the aforementioned classes: at
the first level, site A was classified into soil erosion and other features. Then, at the
second level, soil erosion was divided into landslide and non-landslide. In the third
level, landslide class was subdivided into two subgroups namely shallow and
deep-seated, while non-landslide was classified into cut slope and bare soil, and at
all levels of hierarchal rule sets, the hierarchical rule sets developed to yield the best
classification accuracy.

The classification results demonstrate the robustness and efficiency of the pro-
posed method as shown in Fig. 6. Although very few misclassifications occurred
during the process of classification, because most of the misclassification appeared
in bare soil class with shallow landslide due to similarity in their characteristics
such as form. The overall accuracy and kappa coefficient were 90.41 and 0.86%,

Fig. 5 Illustrates the structure of different types of soil erosion
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Table 2 Rule sets developed by the DT algorithm using the important feature subset

Class Rules Description
Bare land Height < 0.7 To distinguish from build-up area
Slope < 18 To distinguish from landslides
180 < mean blue To separate from agricultural and vegetation lands
Cut slope Length/width > 3 To distinguish from landslides
Slope > 22 To distinguish from secondary soil road (bare lands)
Mean red < 152 To separate from agricultural lands and vegetation
lands
Shallow Slope > 25 To distinguish from bare soil
Intensity > 30,000 To detect the covered landslides with forest
130 < mean green To separate from agricultural lands and other features
Deep-seated | Slope > 30 To distinguish from bare lands
Intensity > 25,000 To separate from agricultural lands and other features
7000 > area > 1300 To distinguish from shallow
170 < intensity/mean To detect the covered landslides with forest and
green < 486 surrounding neighbor objects
Length/width < 3 To distinguish from cut slope
GLCM To distinguish from shallow
homogeneity < 0.06

respectively, as presented in Table 3. This shows that hierarchal rule-based clas-
sification is a promising approach for landslide inventory, disaster management,
and urban planning.

The developed rules showed the contributions of the LiDAR data, visible band,
geometric, and texture feature to differentiate among aforementioned classes due to
the values of these features. Accordingly, the minimum value of the intensity
feature enables separation between the bare soil and other classes such as cut slope
or landslide as shown in Fig. 7a. Texture feature (GLCM homogenous) contributes
to the differentiation between the deep-seated class and other classes as shown in
Fig. 7b. The values of averaged RGB of the orthophoto were varied along with the
classes which helped in distinguishing between the bare soil and other classes,
although there was overlap in value between the bare soil and the shallow classes
which can be solved by using another feature as shown in Fig. 7c. Moreover, the
shadow and canopy forest affects the classification accuracy due to the total cov-
ering of the landslide. Therefore, this study creates a new band ratio by dividing the
intensity feature and mean green for detecting landslides under shadow and canopy
coverage that cannot be identified. Table 2 shows that slope, GLCM homogeneity,
intensity feature, mean green, area, length/width can effectively differentiate shal-
low and deep-seated landslides from most similar landscape objects.
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Table 3 Shows the results of overall accuracy, kappa coefficient, user’s accuracy, and producer’s
accuracy for site A

LU/LC class Bare Cut Shallow | Deep-seated | User Commission
names land slope accuracy error

Bare land 59 1 2 2 92.2% 7.8%

Cut slope 0 14 0 1 93.3% 6.7%
Shallow 3 1 41 2 87.2% 12.8%
Deep-seated 0 1 1 18 90.0% 10.0%

Total 62 17 44 23 Accuracy

Producer’s 952% [824% |93.2% 78.3% Overall Kappa
accuracy accuracy coefficient
Omission error 48% | 17.6% 6.8% 21.7% 90.41% 0.86

4.4 Evaluation of the Hierarchal Rule Sets

In this research, Cameron Highlands, Malaysia was used as case study to develop
and evaluate rules using LiDAR dataset for site B. All the existing objects in the
aforementioned site were put into considerations. The segmentation parameters
were optimized using FbSP optimizer approach, noting that the generalization of
the features selection is important for a transferable model. A technique developed
by Bartels et al. [38] was employed by using a 10-fold cross-validation in order to
have high accuracy prediction. Thus, the overall accuracy and kappa coefficient
were found to be 87.33 and 0.81%, respectively. The result revealed that the
hierarchal classification enables differentiation between landslide and other soil
erosion types accurately in the site “B” as shown in Fig. 8, although there was a
decline in accuracy due to differences in landslide characteristics and environmental
conditions as presented by [35, 39]. Moreover, variations in the illumination con-
ditions, sensors used, spatial resolutions of images, etc. are some other challenges
that could influence the result as stated in a recent study by [19, 35].

4.5 Effect of Using Intensity on the Image Segmentation
and Deep-Seated Landslide

Intensity feature contributes immensely to the process of differentiating between
landslide types as shown in Fig. 9. The figure revealed the influence of intensity in
identifying landslides under shadow and canopy vegetation. The yellow polygons
in the figure show the boundaries of landslide, which were based on optimized
segmentation in conjunction with intensity weightage (0.01). This is to show the
influence of intensity in enhancing the landslide segmentation under shadow and
canopy where it is impossible to identify using only visible bands. Furthermore, the
classification of deep-seated class was highly improved whenever the intensity
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Fig. 7 Shows the values of a Texture, b Intensity, ¢ Average of visible bands, which they
contributed in distinguish between the classes (shallow, deep-seated, cut slope, and bare soil)

feature is used. The red polygon shows the shallow landslide that can be seen in
visible band due to their lower depth despite their shadow cover. The significant
role of band ratio such as intensity over green layers is also highlighted in order to
differentiate between normal shadow and deep-seated shadow cover. The results
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Fig. 9 Shows the amount of intensity value involved in landslide

have proven the importance of intensity in improving the segmentation of the
objects and distinguishing between the deep-seated and the shadow landslides.

4.6 Validation

Stratified random sampling method was used to select the segment object in other to
carry out the accuracy assessment. The classification results were based on the
segments object on orthophoto image, intensity, height, and inventory map to select
the reference data (landslide and non-landslide types). Subsequently, the reference
data was compared with the results of the classification using confusion matrix [2].
Highest overall accuracy and kappa coefficient were achieved by using this pro-
posed method and the overall accuracy and kappa coefficient of the hierarchal
classification were 90.41 and 0.86%, respectively. Meanwhile, the user and pro-
ducer accuracy were obtained for shallow class as 87.2 and 93.2%, respectively,
while for deep-seated class, 90.0 and 78.3% were obtained, respectively, for site
“A” as presented in Table 3. The lower user accuracy for shallow class was
obtained due the similarity in characteristics of shallow landslide with bare soil
class in some locations.
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Table 4 Shows the results of overall accuracy, kappa coefficient, user’s accuracy, and producer’s
accuracy for site B

LU/LC class | Bare Cut Shallow | Deep-seated | Total User’s Commission
names land slope GCPs | accuracy | error

Bare land 61 1 5 1 68 89.7% 10.3%
Cut slope 0 11 0 1 12 91.7% 8.3%
Shallow 4 0 38 2 44 86.4% 13.6%
Deep-seated 0 1 4 21 26 80.8% 19.2%
Total GCPs | 65 13 47 25 150 Accuracy

Producer’s 93.8% |84.6% | 80.9% 84.0% Overall accuracy Kappa
accuracy coefficient
Omission 62% |15.4% |19.1% 16.0% 87.33% 0.81
error

The accuracies of site B are presented in Table 4, and the overall accuracy and
kappa coefficient were observed to be §7.33 and 0.81%, respectively. The user and
producer accuracies for shallow class were obtained as 86.4 and 80.9%, respec-
tively, while 80.8 and 84.0% were achieved for user and producer accuracies in
deep-seated class, respectively. The results of accuracy assessment indicated that
hierarchal rule-based classification system is effective and efficient for differentia-
tion between landslide and other erosion types. The accuracies of user and producer
for deep-seated class were observed to be decreased which is due to the variation in
the characteristics of deep-seated such as deep and run out.

5 Discussion

The differentiation between types of landslide (shallow and deep-seated) and types
of soil erosion (cut slope and bare soil classes) in densely vegetated areas like the
Cameron Highlands is a challenging issue due to the presence of similarity in dense
vegetation, shadow, and hilly areas. This research proposes a method that auto-
matically differentiates between types of landslide by using high-resolution airborne
laser scanning data (LiDAR) as well as visible band, texture, and geometric fea-
tures. This research also showed that optimizing the segmentation parameters such
as scale, shape, and compactness with the aid of the FbSP optimizer was satis-
factory in distinguishing between landslide and non-landslide types. Optimized
segmentation parameters enable generation of accurate objects segment and utilize
spatial, texture, and geometric features for differentiating between the aforemen-
tioned classes. Since the landslides can be classified according to their features,
accurate segmentation is necessary for differentiating between the classes.

The selection of relevant optimal features for landslide depends on the level of
experience of the analysts. Therefore, it is highly imperative to establish a feature
selection method that differentiates among landslides and non-landslide types.
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The rule sets used to optimize features selected are simplified when CFS algorithm
is employed in distinguishing between the aforementioned classes. In addition, the
optimized features used to differentiate between the aforementioned classes are
LiDAR DEM data (slope, height, and intensity), visible band, texture features
(GLCM StdDev and GLCM homogeneity), and the geometric features. The result
shows the contribution of the features such as LIDAR DEM data (intensity, slope,
and height), texture feature (GLCM Homogeneity), spectral features (red, green,
and blue), geometric features (length/width and area) for distinguishing between the
types of landslides, and other types of soil erosion. The band ratio intensity feature
over green band also helps in differentiating between the deep-seated classes under
shadow and normal shadows. Moreover, the intensity feature contributed in
delineating the boundary of landslide and differentiated between deep-seated
classes. The proposed rule set has minimized the over-reliance on the analyst
experience and computation time to a larger extent when compared with the
existing complex rule sets of the image classification system.

Classification maps are significantly improved when the classification techniques
are used. There exist many classification algorithms and each category has its own
merits and demerits. In this research, three hierarchal levels were used and the result
indicated that using this proposed method yield better accuracy. Besides, using
optimized methods for segmentation parameters and feature selection with the aid
of high-resolution LiDAR, orthophotos, texture, and geometric feature contributed
to the simplification in the development of hierarchical rule sets and improve the
transferability model. The hierarchal rule sets were developed based on site “A” and
the same rules may not yield optimum values in other locations. Therefore, the
developed rules were used in site “B” and high accuracy was achieved.

6 Field Investigation

Field investigation method was used to further ascertain the reliability of the pro-
posed approach. A handheld GPS device (GeoExplorer 6000) was used to identify
the locations of the landslides, as shown in Fig. 10. The data acquired from the field
measurements enable assessment of the precision and reliability of the produced
landslide inventory map. However, the field investigation result confirms the
hierarchal classification detected on the landslides. Therefore, this method can
conveniently identify landslide locations, differentiate between types of landslide,
and produce reliable landslide inventory map for the Cameron Highlands, Malaysia.
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Fig. 10 Shows the field photos in some locations of landslide at a Tanah Runtuh, b Tanah Rata

7 Conclusion

It is difficult to differentiate between two types of landslides (shallow and
deep-seated) and types of soil erosion (cut slope and bare soil) by using conven-
tional approach. Therefore, this research proposes a hierarchal rule-based classifi-
cation that aids to differentiate between the classes of landslides in Cameron
Highlands, Malaysia. A high-resolution airborne LiDAR data and fuzzy logic
supervised approach (FbSP) were used as the main data sources and optimization
segmentation parameters, respectively. Correlation-based feature selection
(CFS) was used to obtain the important features subset. Hierarchal rule-based
classification LIDAR DEM data, orthophoto, texture features, and geometric fea-
tures were used to improve the classification accuracy. The optimization of the
segmentation parameters and the selection of features improved the computational
efficiency of the workflow and enhanced the transferability of the hierarchal rule
sets into different spatial subsets within the Cameron Highlands in Malaysia. The
overall accuracy and the kappa index of the hierarchal approach in site “A” are
90.41 and 0.86%, respectively. Furthermore, the overall accuracy and the kappa
index for the site B are 87.33 and 0.81%, respectively. This indicated that devel-
oping hierarchal rule sets based on optimized techniques with the aid of VHR
airborne LiDAR DEM data, spectral, and spatial features are effective in differen-
tiating different types of landslides and soil erosion in tropical regions. This method
offers future solution to geospatial issues in managing landslide hazards and risk
assessments.
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