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Abstract: The generation of map units is a fundamental step for an appropriate assessment of
landslide susceptibility. Recent studies have indicated that the terrain relief-based slope units
perform better in homogeneity compared with the grid units. However, it is difficult at present
to generate high-precision and high-matching slope units by traditional methods. The problem
commonly concentrates in the plain areas without obvious terrain reliefs and the junction of sudden
changes in terrain. In this paper, we propose a novel object-oriented segmentation method for
generating homogeneous slope units. Herein, the multi-resolution segmentation algorithm in the
image processing field is introduced, enabling the integration of terrain boundary conditions and
image segmentation conditions in slope units. In order to illustrate the performances of the proposed
method, Kitakyushu region in Japan is selected as a case study. The results show that the proposed
method generates satisfactory slope units that satisfactorily reproduce the actual terrain relief, with
the best within-unit and between-unit homogeneities compared with the previous methods, in
particular at the plain areas. We also verify the effectiveness of the presented method through the
sensitivity analysis using different resolutions of digital elevation models (DEMs) data of the region.
It is reported that the presented approach is notably advanced in the requirements of the quality of
DEM data, as the presented approach is less sensitive to DEM spatial resolution compared with other
available methods.

Keywords: slope unit; object-oriented method; multi-resolution segmentation; DEM spatial resolu-
tion; Kitakyushu region

1. Introduction

Recent studies have indicated that landslides are one of the most destructive geological
disasters worldwide, causing tremendous property losses and serious fatalities [1]. In order
to mitigate landslide hazard, previous studies are devoted to landslide susceptibility
analysis. For better analyzing the landslide susceptibility, the selection and generation
of map units are the essential preparations [2-5]. These map units aim to segment the
entire landslides region into multiple homogeneous units as the minimum calculation units,
whose size, shape, and boundary should be consistent with the actual terrain. Therefore,
the segmentation effect of map units directly influences the precision of the landslide
sensitivity assessment.

To date, the commonly used map units in geography can be briefly categorized into
five major types, i.e., grid unit, terrain units, unique-condition units, slope units, and
topographic units [6]. Terrain units have long been accepted by previous studies. As the
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basis of land system classification, these kinds of units have been applied in many aspects
of land resources investigation [7,8], including landslide susceptibility analysis (e.g., [9-11]).
Topographic units are defined at the intersection of the contour line and (perpendicular
to contour line) flow pipe boundary, reflecting the physical relationship between terrain
surface and shallow surface hydrological conditions. It has been applied in predicting
surface water saturation state and landslide under terrain control, such as soil sliding and
debris flow [12,13]. The grid unit is a regular square with a predetermined size, which is
conducive to the analysis of terrain features [14,15]. However, its regularity leads to some
losses of the connection with geology, landform, or other landform information. Among
the abovementioned units, slope unit has been proved as a better solution that well reflects
the terrain and geomorphic characteristics of a large-scale area.

Slope units are portions of the land surface, defined by the general requirement
of maximizing homogeneity within a single unit and heterogeneity between different
units [16]. The role of the slope unit has received attention across several disciplines in
recent years, in particular landslide susceptibility analysis [17-21]. Currently, slope units’
formal characterization and practical delineation have been carried out in different ways.
Studies have proposed various methods for an automatic generation of slope units based
on digital elevation models (DEM). The established methods can be classified into three
major categories, including hydrological-based methods, curvature-based methods, and
region growth-based methods.

The traditional hydrological-based method aims at extracting slope units from the
catchment area and anti-catchment area by hydrological analysis [22,23]. The function of
generating slope units using this method has been integrated into the Spatial Analysis
Tools—Hydrology toolbox in the ArcGIS environment. However, in the extraction process,
the elevation of the area must be reversed forcibly, breaking the law of the formation
of a regional water system. Therefore, this treatment often results in some unexpected
interferences in the segmentation result. For instance, there will be many small broken
surfaces and illogical long strips, leading to a failure of the correspondence between
the boundary of units and the actual terrain. In this sense, it requires a lot of manual
modification to minimize these unexpected interferences.

Compared with the hydrological-based method, the curvature-based method uses cur-
vature data interpreted from the digital elevation model (DEM), and extracts the catchment
area according to similar steps to generate the segmentation of slope units [24]. This method
performs better in minimizing the interferences in the segmentation result, particularly at
the area with obvious terrain change, where the method is able to generate more uniform
units and improve the precision of slope unit partition [25]. However, the curvature-based
method is highly sensitive to the resolution of DEM data. It often generates over-tiny slope
units with high-resolution DEM data. The large amount of over-tiny slope units requires
time-consuming calculations and reduces the heterogeneity between units.

The region growth-based method reproduces the area by iteratively merging adjacent
regions with similar terrain features until a certain condition index is satisfied. Remarkable
studies can be referred to [26-28]. In many previous studies, the layer data (elevation,
curvature, slope, etc.) extracted from the digital terrain model (DEM) are regarded as image
data, and the image segmentation algorithm is applied to depict relatively homogeneous
slope units. The region growth and classification methods can be also further combined,
as carried out by many previous studies [27,29], for the purpose of automatic terrain
classification. This method has been proved to be feasible and superior compared with the
others [30]. Different studies proposed varied classification criteria and input parameters
according to the characteristics of landslide area. As a result, they need to be tailored
according to the specific model in use.

Based on the image segmentation algorithm, this paper proposes an object-oriented
terrain partition method of slope unit. Starting from the spectral uniformity and spatial
correlation of image data, the method combines image segmentation criteria with terrain-
limited boundaries such as aspect and drainage area, establishes a specific segmentation
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data set and automatic segmentation program, and constructs an automatic slope unit
segmentation method based on an image segmentation algorithm. We selected Kitakyushu
City as the research area to verify the effectiveness of the method.

2. Automatic Delineation of Slope Units

In this paper, we aim to propose an effective and accurate method of slope unit seg-
mentation by integrating digital terrain into an image segmentation analysis framework. In
view of the complexity of surface feature information in a high-resolution image, multires-
olution segmentation is introduced to overcome the limitation of traditional methods as
mentioned above. At the same time, considering the slope aspect, water system, catchment
area, and other factors, the rule sets and automatic segmentation program for image seg-
mentation are established to generate the appropriate slope unit. An evaluation function,
which is defined by within-unit homogeneity and inter-unit heterogeneity, is proposed
to verify the effectiveness of the proposed segmentation method. The framework of our

proposed method is illustrated in Figure 1.
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Figure 1. Flowchart for the proposed approach.
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2.1. Dataset Establishment

As shown in Figure 1, the first step is to create the multiresolution segmented dataset,
including the segmented dataset and the restricted dataset.

2.1.1. The Segmented Dataset

Generally, to obtain a high-precision segmentation result, the terrain factors, e.g., slope,
aspect, elevation, curvature, should be directly imported as the segmentation data [31].

Terrain factors are mostly calculated from DEM data. However, the calculation results
are often discrepant due to different resolutions of DEM data [32,33]. A previous study [34]
indicates that with the increase in the DEM resolution, the mean plane curvature and the
average slope gradient increase exponentially and linearly, but the slope aspect remains
unchanged. Meanwhile, the high resolution of curvature data leads to the fragmentation of
the extraction unit and the complexity of calculation process. When different resolution
data are used to extract these terrain factors, the results of slope curvature and slope
gradient change significantly compared with the slope aspect [35]. Therefore, the slope
aspect is selected as the segmented dataset for slope unit segmentation. This step aims to
correct the defect of the existing segmentation method affected by the original data and
alleviate the computational burden.

The slope aspect is calculated from the DEM data in the ArcGIS environment. The
definition of the slope aspect is shown in Figure 2a, where slope aspect « is defined by the
angle between the standard projection of the tangent plane of a point on the surface and
the northward direction of the location. It is the maximum change direction describing the
elevation change in DEM data. As shown in Figure 2b, the calculated slope aspect « is the
azimuth value ranging from 0 to 360 degrees, with the true north direction of 0 degrees.
Instead of the slope aspect «, herein we use the trigonometric function to convert slope
aspect « into sina and cosa in X- and Y-direction. This treatment aims to avoid the illogical
great aspect difference due to its cyclicity, i.e., the aspects of 1 and 359 degree both denote
the directions close to the true north, but aspect difference is illogically as great as 358
degrees (as shown in Figure 2b). This problem can be well addressed using the above
trigonometric function.
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Figure 2. Schematic definition of aspect. (a) The definition of slope aspect; (b) the calculated slope
aspect is the azimuth value ranging from 0 to 360 degrees, with the true north direction of 0 degrees.
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2.1.2. The Restricted Dataset

Besides the incised slopes, a catchment usually contains approximately plain terrains
without obvious reliefs, such as wide valleys and alluvial fans. Ideally, these plain terrains
should not be segmented by the units. However, the conventional methods fail to distin-
guish the horizontal surface from the inclined surface, because they are mixed in DEM
data. As a result, one horizontal slope unit may contain both the inclined surface and the
horizontal surface, resulting in obvious errors. To address this problem, terrain boundary
information should be integrated into the multiresolution segmentation. Therefore, prior
to image segmentation, rational terrain boundary conditions are necessary to improve
segmentation quality and efficiency.

It has been widely accepted that the boundary between the positive and negative
watersheds extracted by the traditional hydrological method are the ridge lines and valley
lines, respectively [25]. A commonly used method, e.g., Zhou et al. [22], is reversing the
DEM to obtain the catchment area. However, the divided valleys in the inverted DEM
data are forced to terminate when encountering rivers. The hydrological analysis of the
valleys can easily create a large area of mostly flat land, which seriously changes the actual
surface characteristics. Thus, a large number of illogical long units appear in the formation
of catchment areas, whose boundaries do not match the actual topographic lines [36].
However, the boundary of the positive catchment area corresponding to the ridgeline is
consistent with the actual topography. Hence, we add the border of the catchment area
(ridgeline) as a topographic restriction in the image segmentation method to improve the
accuracy of the slope unit segmentation.

According to the technique of catchment extraction in the traditional hydrological
method, the positive catchment area is obtained based on the ArcGIS platform. The
threshold of the catchment area is a critical parameter for extracting the positive catchment
area because the generated digital river network is quite sensitive to this threshold. A
greater value of this threshold will commonly result in a sparse river network. Otherwise,
an over-dense river network will be generated. The reasonable watershed area value refers
to the watershed area value when the extracted river network matches the river network
on the topographic map [37]. Therefore, in this paper, based on the river network data, the
river system is extracted by referring to the matching degree between the actual data and
DEM, to determine the reasonable watershed area threshold. An appropriate threshold of
confluence area can ensure the accuracy of the confluence boundary.

2.2. Object-Oriented Multiresolution Segmentation Method
2.2.1. Determination of Segmentation Parameters

Image segmentation is a technology that divides an image into several specific regions
with unique properties [38—40], like the principle of slope unit segmentation. In this paper,
the multiresolution segmentation algorithm of image segmentation is introduced into the
slope unit segmentation, and the quality of segmentation is ensured by terrain boundary
conditions and image segmentation standards.

The multiresolution segmentation technique is based on the minimum criterion of
heterogeneity [41]. After setting the appropriate segmentation parameters, starting from
a random pixel in the target image, the heterogeneity after merging with adjacent pixels
is calculated and compared with the segmentation scale. If the heterogeneity condition is
satisfied, the cell can continue to be merged. Otherwise, the segmentation process ends.
Accordingly, important segmentation parameters in the multiresolution segmentation
algorithm include segmentation scale and heterogeneity factor.

The primary concern of extracting slope units based on multi-resolution segmentation
technique is the segmentation scale of the image objects. The segmentation scale directly
determines the size of the segmented object: the larger the scale is, the larger the object
is. Otherwise, this object just shatters. For slope unit segmentation, it is necessary to
ensure that the image object size is consistent with the target slope size and contour.
The segmentation scale currently is the optimal segmentation scale. Only by setting
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reasonable segmentation parameters can we obtain results close to the actual landslide
scale. Otherwise, the phenomenon of “under-segmentation” or “insufficient segmentation”
may occur in the segmentation result [42,43].

The previous studies have widely used repeated experiments and visual observation
methods to determine the optimal segmentation scale, which has high requirements for
researchers and is difficult to popularize and apply. In this paper, the local variance (LV)
curve [44-46] is used to determine the optimal parameters for fast and effective application.
The method calculates the average value of the local variance in the window through the
n x n pixel-moving window and generates a local variance value LV,, and the calculation
formula is as follows:

v S LV (L)) )
o= MN , @)

where M and N represent the size of the original image row and column; i and j are the
number of local window rows and columns; LV (i,j) represents the variance of the local
image gray value within the window size and the calculation formula is:

n n N VA
Lv(i,j):\/ Lo Spolf (i) — f o

n2

where 7 represents the window size; f(i,j) represents the gray level of the ith row jth column
pixels in the local window; and f is the local window pixel gray-scale mean.

The window size is determined by the size of the segmentation scale. If the segmenta-
tion scale is excessively small, the window size becomes smaller. Moreover, the higher the
homogeneity in the image object is, the lower the heterogeneity between the image objects
is, resulting in a low LV,. As the segmentation scale gradually approaches the optimal
scale, the heterogeneity between image objects increases and LV also increases. When the
segmentation scale is oversized, LV, gradually decreases. Therefore, the parameter LV, can
be used as an index to evaluate the quality of image segmentation.

In order to evaluate the dynamic change in LV, with the size of the segmentation,
detailed information of the actual performance of the segmentation effect can be obtained
by means of the ROC-LV [47] curve (rate of change of LV). The ROC-LV curve reflects the
rate of change of the average local variance as a function of window size, which is the
dynamic change between the target layers obtained at different segmentation scales. The
segmentation scale corresponding to the peak point of the curve is the closest to the actual
size of the object, which is the optimal segmentation scale for multiresolution segmentation.

[L—(L-1)
ROC — LV = {Ll} x 100 3)

The heterogeneity factor consists of spectral heterogeneity and shapes heterogeneity,
which directly defines the calculation of heterogeneity and affects the final segmentation
result, together with the segmentation scale [48]. The sum of spectral heterogeneity and
shape heterogeneity is one. Simultaneously, the shape heterogeneity is determined by
the compactness factor and the smoothness factor, and the sum is one. In general, the
shape heterogeneity factor and the compactness factor are determined, and the whole
heterogeneity parameter is determined. Most of the existing parameter determination
methods are empirical value determination and lack a quantitative basis [49,50]. Based on
the principle of minimum heterogeneity, the experiment is performed using the control
variable method. First, select a segmentation scale randomly, and then adjust the shape
factor to find the optimal compactness. The same method is used to determine the shape
factor. In addition, we follow the effective experience [51]: the shape index value should be
relatively small, and the tightness value is relatively large, accurately defining the shape
factor and tightness to ensure the quality of the segmentation.
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2.2.2. Object-Oriented Multiresolution Segmentation Algorithm

Due to the change in local vegetation, hillshades by mountains, and complex illumi-
nation conditions, the spectral features of slopes may vary in the remote sensing images,
creating various challenges in using interchangeable methods for unit extraction. In remote
sensing images, the size of typical landslide units is different, making it burdensome to se-
lect a single segmentation scale to segment the image effectively. Thus, the multiresolution
segmentation method is adopted to improve the segmentation precision by establishing
different scales of segmentation and layer-by-layer segmentation.

The multiresolution segmentation method based on remote sensing images can gen-
erate image polygons (objects) with arbitrary scale and similar attribute information and
take image objects as the basic unit of information extraction to realize classification and
information extraction. The multiresolution image segmentation starts from any pixel and
uses the bottom-up region-merging method to form objects. Small objects can be merged
into large objects through several steps, and the size of each object must be adjusted to
ensure that the heterogeneity of merged objects is less than a given threshold [52,53]. The
necessary steps are as follows (as illustrated in Figure 3):

1.  Data import: The regional DEM data should be imported to generate a slope aspect
dataset, which is used as the basic layer for image segmentation. Ridge lines extracted
from the forward catchment area can also be obtained using DEM data, and then are
considered as the thematic restriction layer.

2. Parameter setting: the ROC-LV method is used to determine the optimal segmentation
scale, and the optimal shape factor and compactness are determined according to the
requirements.

3. Segmentation: Multiresolution image segmentation adopts a bottom-up segmen-
tation method. The first segmentation starts from any pixel in the image, and the
initial heterogeneity parameter is calculated. After the first segmentation, the second
segmentation is performed based on the new image region. If the heterogeneity
parameter f is small compared with the square of the segmentation scale, the segmen-
tation is continued; if the heterogeneity parameter f is small compared with the square
of the segmentation scale, the segmentation is continued according to the minimum
heterogeneity criterion, and the segmentation ends when all the pixels in the image
are divided into different image objects.

( sart )
— T
f . , L
Segmentation
Import Im.age Layer, / Parameters(Segment /
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Figure 3. Schematic diagram of multiresolution segmentation algorithm.
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2.3. Segmentation Metric of Slope Unit Segmentation Method

To evaluate the terrain partitioning into slope units, we adopt an initial segmentation
metric for the evaluation of the quality of segmentation results. In digital image processing,
segmentation is the process of dividing an image into several pixel sets, so that the pixels in the
same pixel set have some common features. Here, we consider the terrain orientation raster
image as the image to be segmented, and assume that the segmentation metric proposed by
Espindola et al. [51] is suitable for evaluating terrain segmentation in slope units.

This segmentation metric is based on the principle that in digital image processing,
segmentation divides an image into several groups of pixels so that the same group of
pixels has certain homogeneity and different groups of pixels have heterogeneity [54]. It
combines the local circular variance value (index V) describing the homogeneity of objects
with the Moran index (index I) value representing the heterogeneity between objects and
constructs a segmentation quality evaluation function F(V,I) to evaluate the quality of DEM
data. The above parameters are defined as follows:

Y SnCy
- @
[ NXu Wy (an — &) () — @) 5)

(Zn(‘xn - E)z) (Zn,l wnl)

where N is the total amount of units; n denotes the number of each individual unit; S, is
the surface area of the nth slope unit; C, is the circular variance of the aspect in the nth
slope unit; «, is the average aspect of the nth slope unit; and « is the average aspect of
the entire terrain aspect map. Moreover, w,; is an indicator of spatial proximity; if slope
unit n and | are adjacent, it is equal to one, otherwise zero. The local variance V defined
in Equation (4) is more critical for large slope units, avoiding the numerical instability
caused by small slope units. The lower the value, the higher the homogeneity within
the unit. The autocorrelation index I in Equation (5) has a minimum value when there is
high heterogeneity between different slope units. The best choice of DEM resolution is the
combination of small V and small I. This is determined by the following objective function:

Vmax - V Imax - I

Vinax — Vmin Inax — Imin

F(V,I) =

©
where Viin(max) and Inin(imay) are the minimum (maximum) values of the quantities in
Equations (4) and (5). The aspect map is displayed in a degree form. It is not possible to
calculate the mean and variance straightforwardly and there is a massive difference in
value between 0 degrees and 359 degrees, but only a 1-degree difference in azimuth. We
know that the mean of degrees is the vector sum of the unit vectors. Therefore, we convert
it into radians and make the following definitions:

o = arctan (M) ()

ZJ- cosu;

where the j labels run over all the slope units on the entire terrain map. Analogously, we
define for «; the average aspect inside the ith slope unit, according to Equation (7). The
difference («; — &) should also be a vector, as follows.

Then, the numerator of Equation (5) is evaluated by:

(aj — @)+ (aj — &) = cosbjcost; + sind;sind; (8)

where 6; and 6, are denoted as following, respectively:

©)

sinw; — sina
0; = arctan| ———

coSn; — COSK
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sinzxj — sinw
0, = arctan| ——— (10)
cosaj — COSi

The segmentation metric is a measure of the internal homogeneity and external
heterogeneity of slope units, which is related to the geometry and shape of slope units.
This metric can be used to assess the optimal segmentation of slope units by maximizing
function F(V,I). Besides, the remote sensing images commonly used in existing research
have multiple spatial resolutions, and the spectral, texture and structural features of data
with different spatial resolutions have different degrees of variation. The role of the spatial
resolution of data in geological research cannot be ignored [55-57]. Therefore, in order
to investigate the sensitivity of the proposed method to the DEM resolution, four groups
of results using different DEM resolutions will be compared in the following case study
section.

3. Case Study
3.1. Study Area

To verify the proposed method, Kitakyushu in Japan was selected as a study area. The
area is located in Fukuoka County, the economic center of Kyushu (as shown in Figure 4).
Most of the area is mountainous and has a humid climate, with an average rainfall of
approximately 1265 mm per year. From 1989 to 2005, many landslides were recorded
due to the impact of earthquakes and heavy rainfalls, causing tremendous fatalities and
economic losses. In this paper, we apply the proposed method to generate slope units.
The collected DEM data in this area have varying resolutions of 5 m, 10 m, 30 m, and
90 m. The 90 m and 30 m resolution DEM data are available in SRTM1 and SRTM3 data
products. The 10 m resolution DEM data are collected from the Geological Information
Authority of Japan (GSI), while the 5 m resolution data are from the altitude data set that
was produced and made open to public by Japan Geographic Bureau using LIDAR [3]. In
order to eliminate the errors caused by different coordinate systems, we transferred all first
coordinate systems to GCS_WGS_1984 parallel systems. The results were then compared
with the previous hydrological- and curvature-based method to evaluate the correctness
and superiority of the proposed method in this paper.
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Figure 4. Overview of the study area, Kitakyushu region.
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3.2. Results

In the study area, we used the presented novel object-oriented multiresolution seg-
mentation method to generate slope units from four groups of DEM data with different
spatial resolution. In the segmentation procedure, the positive catchment area extracted
from each DEM data set was used as the terrain constraint. Owing to that segmentation
scale, the shape factor and compactness factor determine the size and control the aspect of
the slope units; we calculated these parameters using the proposed method as mentioned
in Section 2.2. The obtained parameters determined by the four-resolution data are listed
in Table 1.

Table 1. Parameters used in object-oriented multiresolution segmentation.

DEM Data Resolution Shape Factor Compactness Factor Optm.mm
Segmentation Scale
90 m 0.15 0.5 8
30 m 0.3 0.5 8
10 m 0.1 0.5 9
5m 0.1 0.5 8

Figure 5 shows the results of the terrain subdivisions obtained using different mod-
eling parameters. The maps in the right panel show the detailed slope units partitioning.
In particular, Figure 5a—d show the overlaying slope units on the hill-shade maps of the
example area, with different spatial resolution of DEM data. It is shown that along with
the increasing DEM spatial resolution, the generated slope units increase in density and
show a corresponding decrease in their average size.

P -
(S T
B 75005

(c) DEM resolution=10m (d) DEM resolution=5m

Figure 5. Example of slope unit subdivisions for a portion of the study area. Enlarging the “Example
area” to illustrate the segmentation results obtained by the multiresolution segmentation method
with different resolution data. Red lines show the boundaries of slope units, while gray areas are hill
shade. (a) DEM resolution = 90 m; (b) DEM resolution = 30 m; (c) DEM resolution = 10 m; (d) DEM
resolution = 5 m.

4. Comparison

To verify the correctness and accuracy of the proposed method, the traditional
hydrological-based method and the mean-curvature-based method are used as a com-
parison. In this section, we choose the best segmentation result of each method using the
optimal parameters. The generated slope units using the three methods with different
DEM data are shown in Figures 6 and 7.
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Figure 6. Slope units partitioning obtained from the 5 m, 10 m, 30 m and 90 m resolution DEM data,
using three different slope units segmentation methods.
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Figure 7. Comparison of the three different slope unit segmentation methods against different DEM
resolutions. Details in the selected example area, as marked in Figure 5.
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As shown in Figures 6 and 7, in the traditional hydrological-based method, the number
of extracted slope units is 520 in total. It is observed that lots of narrow fracture units and
parallel boundaries appear, in particular at the plain areas with flat terrain, while in the
mountainous areas with terrain reliefs, errors could be observed as the partitioned slope
units appears to be inconsistent with the actual terrain lines. These inconsistences seem to
be improved with the increase in DEM spatial resolution. However, the partitioned slope
units are still over large, failing to represent the terrain reliefs. In this sense, the slope units
obtained by the traditional hydrological-based method have a low degree of matching and
the segmentation precision is relatively low.

The middle column of the maps in Figure 7 shows the results by the mean-curvature
method. Obviously, compared with the traditional hydrological-based method, the par-
titioned slope units are evenly distributed and uniform in size. However, the extracted
units are numerous and over tiny. With the increase in spatial resolution, the number
of slope units increases dramatically, extending towards 9,055,368. Although the unit
boundaries are majorly consistent with the actual terrain, a high number of over-tiny slope
units requires time-consuming calculations, and reduces the heterogeneity between units.

As shown in the right column of the maps in Figure 7, the proposed object-oriented
multiresolution segmentation method divides the area into uniformly sized units, but the
number of units is less than by the mean-curvature-based method. The increasing DEM
spatial resolution also leads to an increasing number of slope units. However, compared to
the mean-curvature method, the results are no more sensitive to the DEM resolution. In
addition, the proposed multiresolution method generates the slope units well under four
different DEM resolutions, without obvious parallel interferences that exist in the results
by the traditional hydrological method, and the obtained slope units substantially coincide
with the actual terrain.

The quantitative difference between the proposed method and the previous methods
can be described by the quality evaluation function F(V, I) introduced in Section 2.3. The
results are shown in Figure 8.
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Figure 8. Variation in F(V, I) values against different DEM resolutions by the proposed segmentation
method and previous methods.

Figure 8 describes variation in F(V, ) values against different DEM resolutions by
the proposed segmentation method and previous methods. As introduced in Section 2.3,
F(V,I) is a function for evaluating segmentation qualities. A greater value of F(V,I)
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indicates a better quality of segmented slope units with homogeneity and heterogeneity.
As shown in Figure 8, the proposed multiresolution method performs best because the
obtained results have the greatest values of F(V,I) in general, in particular with the DEM
resolution of 5 m and 10 m. As to the 30 m and 90 m resolution DEM data, three methods
approximate F(V, I), and the mean-curvature method generates the best results; however,
it generates many tiny slope units, as shown in Figure 6. As such, the proposed multi-
resolution method is a flexible solution for generating slope units with high resolution
DEM data, because the F(V,I) increases almost linearly with the DEM solution.

5. Discussion

In this paper, an object-oriented multi-resolution segmentation method is proposed for
generating homogeneous slope units. Compared with the traditional pixel-based grid units,
the generated high-homogeneous slope unit combines the pixels with similar slope aspect
properties into a meaningful geomorphic object. Therefore, this method is object-oriented,
and produces results that are verifiable and can easily be converted to GIS data. We ran the
proposed segmentation method with corresponding segmentation parameters. The results
show that the proposed method can better divide the study area into slope units, with high
homogeneity and heterogeneity.

As shown in the calculation of the evaluation function F(V, I), it is noted that for the
three methods mentioned, DEM data with higher resolution do not necessarily correspond
to the best segmentation results. In our study, the results obtained from DEM data with the
5 m resolution do not show the best performance. For the two conventional segmentation
methods, the evaluation function F value is of the inverted “V” type as the resolution
decreases. In other words, for the traditional hydrological method, in the range of 90 to
10 m resolution, the F(V, I) value is increased, and the quality of the segmentation unit
becomes more advantageous. The segmentation metric F(V, I) reaches a maximum value
at 10 m resolution for the optimal segmentation quality. When the data are of a more
meticulous 5 m resolution, the F value becomes trifling and slope unit segmentation quality
is lowly. For the mean-curvature method, the peak point of the inverted V-curve appears
at 30 m spatial resolution. Resolution data above 30 m and below 30 m split out units with
lower F values, which have inferior segmentation accuracy.

As a matter of fact, depending on the type of landslides, the scale of the available DEM,
the morphological variability of the landscape, and the purpose of the zonation, the detail
of the terrain subdivision may vary. Scholars have proved that the resolution of DEM has a
significant impact on the slope unit segmentation, but it will not change the logic of the
approach or the rationale behind our optimization method. We clarify that the subdivision
units generated by the segmentation parameters used in this method are nested, that
is, the boundaries of the coarse resolution subdivision encompass the boundaries of the
intermediate subdivision and finer subdivision. Schlogel et al. [54] proposed the automatic
unit segmentation and landslide sensitivity assessment of R. Slopeunits v1.0 under different
DEM resolutions. They believed that if only F-measure was used to select a specific set
of modeling parameters, the best set of slope units only had the meaning of “the best
slope unit subdivision for a particular goal”. Similarly, the F(V, I) metric only considers
the homogeneous and heterogeneous features of a single slope unit, but the matching
degree with the actual terrain boundary is not fully considered (for example, too large,
too irregular, too small). Therefore, we adopted the catchment boundary as the terrain
boundary constraint, and maximized the value of evaluation function F(V,I) to achieve
the optimization of element segmentation and improve the accuracy,

As for the segmentation result of the multiresolution segmentation method, the split
metric F value increases as the data resolution increases. In the four test sets of DEM
spatial resolution, no peaks appeared. However, the rate of increase in F value from 5 m
resolution to 10 m resolution is small. From the calculation amount, the number of units
increases ten times, yet the F(V, I) value only increases by 0.03. Therefore, when using the
multiresolution segmentation method, 10 m resolution data are beneficial.
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6. Conclusions

The limited use of slope units for landslide sensitivity modeling is due to the un-
availability of high-precision, easy-to-use methods for automatic delineation. In order
to fill this gap, we propose a new method for the automatic delineation of slope units in
complex geographical areas based on the multiresolution segmentation algorithm and
catchment terrain constraints. We further proposed and tested the segmentation metric for
comparative verification of the method in Kitakyushu, Japan.

Compared with the existing conventional methods, the multiresolution segmentation
method limits the boundary of the catchment area as the terrain condition of image segmen-
tation, and relies on image segmentation parameters to realize the segmentation of complex
terrain. Different from the homomorphic units, the fine units divided by the traditional hy-
drological method and the low homogeneity units divided by the mean-curvature method,
the multiresolution segmentation method has uniform unit size and regular shape and
matches the actual terrain, avoiding complicated manual editing. Moreover, by calculating
the value of the segmentation metric F(V, I), the intra-unit homogeneity and inter-unit
heterogeneity are more advanced than the two existing methods. Finally, this method has
generality and can be popularized. It is more suitable for current landslide research and
has substantial research value.

In addition, we propose a procedure to determine the optimal DEM spatial resolution
in each slope unit segmentation. The procedure is developed within the framework of
the evaluation of slope units. Homogeneous slope units are produced automatically with
the traditional hydrological, the mean-curvature and the multiresolution segmentation
methods. We use four DEMs with spatial resolutions of 5, 10, 30 and 90 m, and measure
the performance of a segmentation metric as a function of different slope unit delineations.
The segmentation metric function combines the homogeneity index within the unit and the
heterogeneity index between the units. Maximization of the metric function provides the
optimal DEM spatial resolution for each partitioning.

We compared the resulting twelve sets of values of the segmentation metric based
on an analysis of the statistical significance of the thematic and morphometric variables.
According to the calculation results, the spatial resolution of DEM plays a vital role in the
accuracy of the slope unit segmentation. We find that the optimal segmentation results
do not necessarily appear in DEM data with the highest resolution. Different slope unit
segmentation methods have particular optimal DEM spatial resolution. In traditional
hydrological methods, DEM data with a resolution of 10 m are the most suitable for
segmentation. DEM data with a resolution of 30 m play an essential role in the mean-
curvature method. DEM data with a resolution of 10 m have a similar accuracy to those of
a 5 m resolution; however, based on the amount of calculation required, 10 m resolution
is the most economical and effective segmentation method in the multiresolution slope
unit segmentation method for Kitakyushu region. However, for other regions worldwide,
whether the 10 m resolution achieves the best result requires more tests. We further
emphasize the influence of DEM spatial resolution on the segmentation accuracy of slope
units and provide a reference for data selection in the subsequent landslide study.
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