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Abstract: Terrain significantly influences the physical processes and human activities occurring on the
Earth’s surface, especially in mountainous areas. The classification and clarification of topographic
structures are essential for the quantitative analysis of surface patterns. In this paper, we propose
a new method based on the digital elevation model to classify the binary terrain structure. The
slope accumulation is constructed to emphasize the accumulated topographic characteristics and
is applied to support the segmenting process. The results show that this new method is efficient
in increasing the completeness of the segmented results and reducing the classification uncertainty.
We verify this method in three areas in South America, North America and Asia to evaluate the
method’s robustness. Comparison experiments suggest that this new method outperforms the
traditional method in areas with different landforms. In addition, quantitative indices are calculated
based on the segmented results. The results indicate that the binary terrain structure benefits the
understanding of surface patterns from the perspectives of topographic characteristics, category
composition, object morphology and landform spatial distribution. We also assess the transferability
of the proposed method, and the results suggest that this method is transferable to different digital
elevation models. The proposed method can support the quantitative analysis of land resources,
especially in mountainous areas and benefit land management.

Keywords: terrain; quantitative analysis; digital elevation model; landform

1. Introduction

Terrain is one of the fundamental influential factors of geographical processes occur-
ring on the Earth’s surface [1,2]. This element significantly influences physical processes
(for example, surface runoff and lighting conditions) and human activities (for example,
land management and agricultural industry) [3,4]. With technological advancement in the
field of data acquisition and data analysis, digital terrain analysis has become one of the
most important subjects in geomorphology and other land-related disciplines [5–7]. The
quantification of topographic characteristics is beneficial to the digital planning of land re-
sources and the understanding of surface dynamics [8–10]. Especially in mountainous areas,
the different external and internal forces and their combinations increase the complexity of
topographic characteristics. The digital and quantitative analysis of terrain characteristics
is useful for analyzing the spatial distribution of geographical elements and the patterns of
topographic structures [11,12], which is also crucial for mountain protection [13,14], water
and soil conservation [15,16] and biodiversity [17,18].

The classification of landform objects is significant for landform and terrain anal-
ysis [19–22]. This research focuses on constructing the connection between landform
characteristics and the category. In this field, constructing the binary terrain structure is a
typical method used to classify continuous surfaces. The elements in binary terrain should
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contain opposite characteristics, but their combinations can reflect the fundamental surface
morphology across various landforms [23–25]. For example, the Loess Plateau in Asia
contains typical loess landforms, and the borderline areas between binary terrains usually
relate to significant changes in surface slope and curvature [20]. A similar structure can
also be observed in mountainous areas. Ridges and valleys compose the binary structure
in mountains and show various geographic conditions, such as precipitation and temper-
ature, which consequently cause differences in biocenosis and soil types. The objects in
the binary terrain structure contain not only morphological differences but also various
geographic semantics. These two objects reflect the human perception of mountains and
can be quantified using digital terrain analysis. Thus, classifying the surface into two
classes is beneficial for understanding the morphological characteristics and evolution
processes of various landforms.

In particular, current studies of the binary terrain structure mainly focus on concave–
convex terrains at the slope scale and positive–negative terrains at the regional scale [23,25,26].
Concave terrains represent the areas where the slope gradient gradually flattens as it
descends, while convex terrains contain the reverse shape. The classification of concave
and convex terrains is performed based on the curvature and slope gradient that expresses
the local topographic characteristics, and the segmented units usually represent the slope
surface with a relatively small area [25,27,28]. For example, the researchers of [27] updated
the calculation framework of surface curvature to improve the classification of concave and
convex areas, and Geomorphons [26] considered ternary patterns of landforms to represent
surface morphologies. Positive and negative terrains (P-N terrains) are another expression
of the binary terrain structure [23,29]. P-N terrains emphasize the elevation difference
and surface locations compared to concave and convex terrains. It has been suggested
that P-N terrains can reflect the landform structure at the regional scale and reveal the
spatial patterns of terrains with different shapes [29,30]. The current methods of P-N terrain
classification are usually based on the calculation of elevation differences [23]. In addition,
positive and convex terrains include the dispersion of matter and the tendency for energy to
flow from the inside of the terrain to the outside of the terrain, while negative and concave
terrains contain the convergence of matter and energy [23,31,32]. In mountainous regions,
ridge and valley areas can be regarded as binary terrain structures. Their shape, element
ratio and other characteristics suggest the factors affecting the development of mountains,
such as erosion intensity and tectonic activity intensity [31].

Appropriate data and methods are fundamental for implementing the classification
of binary terrain. With the technological development of earth observation, abundant
remote sensing data have provided the opportunity to achieve the precise classification
of landform objects [33–35]. The classification of landforms based on imagery has been
one of the most important study fields in the past decade [36–39]. However, these images
are not sufficient to reflect topographic characteristics, which is significant for landform
research. Digital elevation models (DEMs) are a significant type of remote sensing data
and record elevation and terrain relief information [40–43]. In the field of geomorphology,
DEMs have supported in-depth studies on the Earth’s surface, including surface characteri-
zation [25,44], local terrain segmentation [45–47] and global landform classification [48,49].
DEMs can provide not only the elevation of land covers but also the topographic relief
of bare land after cover removal [7,44,50,51]. Currently, a new dataset that achieves the
removal of bias arising from the presence of vegetation and buildings would lead to the
potential improvement of natural landform classification [50]. In terms of the implemen-
tation method, previous studies have discussed practical methods for the extraction and
classification of binary terrain based on DEMs [22,52,53]. Using terrain derivatives that
reflect the local topographic characteristics is a common way to classify binary terrain [54].
In this field, surface parameters, such as slope gradient and profile curvature, are core to
distinguishing concave and convex terrains [26]. The consideration of elevation difference
and window-based analysis, which performs better on the regional scale or even the global
scale than derivative-based methods, is another practical way to segment binary terrains.
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However, these methods have certain limitations. The local terrain relief and noise caused
by unexpected data processing can disturb the terrain representation [44,55]. The current
derivatives are usually sensitive to local outliers and noise, which have a potential negative
influence on the classification of binary terrains. Numerous broken and tiny blocks are
observed in the segmented results based on the local derivative-based methods, and it is
difficult to eliminate these blocks. In the second type of method for binary terrain classi-
fication, the determination of method parameters (such as the analysis window size and
classification threshold) also increases the uncertainty of segmented results and damages
the transferability of classification methods [56]. For example, in P-N classification, a large
window size leads to the loss of part of the ridge area affected by peaks with very high
elevations, while a small size can amplify local topographic breaks or errors introduced
by data acquisition and preprocessing and negatively influence the completeness and
correctness of segmented results [23].

The quantification of the Earth’s surface is of significance to promote the understand-
ing of surface morphological characteristics and facilitate the use of land resources. The
quantitative evaluation of surface patterns requires the basic units to support the calculation
of quantitative indices [2]. Pixels and pixel-based analysis widows with specific sizes and
shapes are common calculation units and have been widely applied in calculating terrain
derivatives, such as slope and curvature. In contrast, object-based analysis is a potential
way to address some of the abovementioned issues. A study based on the topographic
unit, which contains more specific geomorphological semantics, can be considered an ex-
tension of object-based analysis [2]. Studies focusing on topographic units usually include
a classification process to perform the extraction of units and then achieve the quantitative
expression of class composition and landscape pattern based on topographic units. The
unit-based idea can also support the calculation of terrain derivatives. For example, the
watershed and basin are suitable units to perform the calculation of hydrological statistical
attributes [24,57]. However, it is noted that the variability of geographical elements raises
the complexity of processes involved in forming the Earth’s surface and then increases the
number of potential surface morphological patterns. The landform objects in the binary
terrain structure contain specific geomorphological semantics that support object consis-
tency in different areas. These objects provide the potential units to calculate indices and
analyze the spatial characteristics of surface patterns. The extraction and classification of
topographic units have supported the studies of landform spatial variation [19,23], surface
textural characteristics [58,59] and landform development [31].

In this work, we provide a study on the quantification of topographic characteristics
and insight into the surface structure at a macroscale. This paper (1) constructs a new
derivative referred to as slope accumulation (SA) to emphasize the accumulated charac-
teristics of terrain relief; (2) provides a novel procedure in the classification of the binary
terrain structure to reduce the classification uncertainty and increase the completeness
of segmented results; and (3) quantifies the terrain structure in mountainous areas based
on the classification results and multiple indices to reveal the landform differences across
different scenarios.

2. Methods and Materials
2.1. Data and Study Areas

In this paper, we regard the Forest And Buildings removed Copernicus Digital Eleva-
tion Model (FABDEM) [50] as the basic data to classify the binary terrain. FABDEM is the
acronym for forest and buildings removed Copernicus DEM. Researchers used machine
learning to remove buildings and forests from the Copernicus Digital Elevation Model to
produce this dataset [50]. FABDEM has a spatial resolution of one arc-second (approxi-
mately 30 m). As shown in Figure 1, FABDEM reduces the roughness caused by buildings
and canopies, especially in mountainous areas with forests. The aim of our study is to
classify the binary terrain with natural attributes, while complex land cover can negatively
influence the classification of binary terrain. Thus, the removal of forests and buildings
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achieved by FABDEM is beneficial for our study to optimize the classification of surface ob-
jects. In addition, the comparison of FABDEM, LiDAR data, Copernicus DEM, ICESat-2 and
other DEMs demonstrates the utility of the FABDEM dataset [50,60,61]. In addition, to as-
sess the transferability of the proposed method across different DEMs, we introduce Shuttle
Radar Topography Mission (SRTM) [62] and ALOS World 3D–30 m (AW3D30) [63] DEMs
as additional datasets. These two DEMs contain land cover information and are obtained
from Google Earth Engine. As shown in Figure 1, FABDEM reduces the influence of forests
and buildings on the surface texture. It has been suggested that FABDEM can support
various geographic studies, including flood analysis [64,65] and object extraction [66].
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Figure 1. Comparison of DEMs. (a,d) AW3D30; (b,e) SRTM; (c,f) FABDEM. AW3D30 and SRTM
contain the elevation of land cover, such as buildings and other canopies. FABDEM is the DEM that
removes buildings and forests.

We collected DEMs in three study areas of South America (Area 1), North America
(Area 2) and Asia (Area 3) (Figure 2). Area 1 (Figure 2b) and Area 3 (Figure 2d) are in
the Rocky Mountains and the Loess Plateau, respectively, and contain typical mountains
and plains. Area 2 (Figure 2c) is in a region with hills and gentle slopes. The experiments
completed in these three areas can indicate the robustness of the proposed method.
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2.2. Methods

In this paper, we focus on the binary terrain that can reflect the surface structure at a
regional scale in mountainous areas. As shown in Figure 3, the method proposed in this
paper consists of three steps: (1) extraction of local highlands that represent the peaks or
ridges with convex shapes; (2) calculation of the slope gradient and SA to reflect topographic
characteristics; and (3) segmentation of the binary terrain based on adaptive thresholds.
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2.2.1. Extraction of Highlands

In mountainous areas, ridges could be regarded as the extension of highlands that
have relatively high elevations. In this step, we focus on the extraction of highlands.
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Initially, we calculate the difference between the original elevation and the mean elevation
based on the analysis window with a size of 17 × 17 pixels [67]. Then, a threshold of
20 m is applied to extract the local highlands. The highlands (Figure 4a) have elevation
differences that are greater than 20 m and represent a part of peaks or ridges in mountainous
areas. According to previous studies [23,68], mountains are usually defined as objects with
terrain relief greater than 30 m. In these studies, the terrain relief represents the elevation
difference between the highest pixel and the lowest pixel in an analysis window. It is
difficult to define a stable threshold based on the above terrain relief to extract ridge areas,
especially in mountainous areas, due to the severe terrain relief and large elevation range.
Therefore, we calculate the difference between the original elevation and the mean elevation
to reflect the relative relief in the analysis window. Integrating this information with expert
knowledge, we reduce the previous threshold to 20 m to extract areas with relatively large
elevations. These highlands will be utilized in the next step as the basic data to classify the
binary terrain.
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2.2.2. Calculation of Slope Accumulation

In this paper, we propose a new terrain derivative referred to as SA that represents
the long distance relationship of the slope gradient between two different locations. This
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method uses the local highlands as the target area and the slope gradient as the cost raster
to identify the path with the least cost to reach the highlands at each location. Then, we
calculate the sum of the slope gradient along the path with the least cost and regard the
sum slope as the SA.

In detail, first, the slope is calculated based on DEMs. This process computes the
rate of surface change in the horizontal and vertical directions from the centre cell to each
adjacent cell. Second, we calculate the SA for each cell according to the principle of distance
accumulation [69]. In this process, the local highlands extracted in Section 2.2.1 and the
slope gradient are regarded as the source and cost raster, respectively. Then, this algorithm
will reveal the path with the least accumulated cost from each cell to the sources. The
results of SA are shown in Figure 4b.

2.2.3. Segmentation of the Binary Terrain

After the calculation of SA, it is necessary to determine suitable rules to segment the
binary terrains. In this step, we design an adaptive threshold that can automatically adjust
with the changing of study areas. Two issues need to be considered in the determination
of the SA threshold for landform classification. First, due to the accumulated attributes of
SA, the boundary constructed by segmenting the SA raster indicates the potential location
of the qualitative change in terrain. The completeness and geomorphological semantics
of segmented objects should be considered in the determination of thresholds. Second,
the various geographic scenarios increase the suitable classification of binary terrains in
different areas. The designed threshold should be tested in areas with different landforms.
Based on the consideration of these two issues, we constructed an adaptive SA threshold to
achieve binary terrain classification. The adaptive threshold of SA is calculated as follows:

TSA = SAlq/
√

2, (1)

where TSA is the SA adaptive threshold, and SAlq is the lower quartile of SA. The segmented
results are shown in Figure 4c.

2.3. Indices

The selection of quantitative derivatives is significant for the comprehensive analysis
of surface patterns. The above steps achieve the classification of binary terrain and provided
objects with different topographic categories. In this step, considering the multidimensional
characteristics of topographic patterns, we select several quantitative indices from the
perspective of cell- and object-based analysis.

2.3.1. Pixel-Based Indices

Pixel-based analysis considers the quantitative characteristics of each cell and calcu-
lates derivatives to reflect the category, topography and other features. In this section,
we select plan curvature, profile curvature and class ratio as the cell-based derivatives to
quantitatively evaluate surface patterns.

Curvature is one of the most significant derivatives to describe the shape of a surface.
It is helpful to quantify the terrain changes in landform development. Curvature can
be further classified according to the different calculating directions. Profile and plan
curvatures are two common curvatures with complementary analysis perspectives. Profile
curvature represents the geometric normal curvature along the slope line, while plan
curvature is the curvature along the contour lines. The positive values and negative values
of profile and plan curvatures indicate the shape of the surface (e.g., concave and convex
shapes) at that cell in directions along the slope lines and contour lines, respectively. These
curvatures quantitatively reflect the shape of the topographic objects and help compare
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the ridges and valleys. The formulas for calculating the profile and plan curvatures are
presented as follows [70,71]:

Cpro =
fxx f 2

x − 2 fxy fx fy + fyy f 2
y(

f 2
x + f 2

y

)(
1 + f 2

x + f 2
y

)3/2 , (2)

Cpla =
fxx f 2

y − 2 fxy fx fy + fyy f 2
x(

f 2
x + f 2

y

)3/2 , (3)

where Cpro and Cpla represent profile and plan curvatures, respectively.
The class ratio reflects the element composition of topographic structure in a specific

area. A similar index has been used to analyze the P-N terrain [23]. The ratio of different
topographic objects is usually related to the development stage of landforms. Several
studies have discussed this connection. In this paper, we compute the class ratio [19]
as follows:

CR =
Cr

Cv
, (4)

where CR represents the class ratio, and Cr and Cv represent the pixel counts of ridges and
valleys, respectively.

2.3.2. Object-Based Indices

In this paper, due to the construction of the binary terrain structure, we can achieve
further analysis from an object-based perspective. The classification of the binary terrain
constructs topographic objects with different classes. The shape and distribution of these
objects are also helpful for revealing surface patterns in areas with different landforms.
Therefore, we employ three object-based indices (as shown in Table 1) as complements to
show the surface patterns.

Table 1. Selected indices and their description.

Index Formulation Description

Perimeter–Area Ratio
(PARA) PARA =

pi
ai

pi is the perimeter (m) of patch i;
ai is the area (m2) of patch i.

PARA is a measure of shape complexity
but could vary with the size of the
patch [72].

Fractal Dimension Index
(FDI) FDI = 2 ln (0.25 ∗ pi)

ln (ai)

pi is the perimeter (m) of patch i;
ai is the area (m2) of patch i.

The FDI reflects the shape complexity
across a range of spatial scales. The
larger the FDI is, the more complex the
shape [73].

Landscape Shape Index
(LSI) FDI = 0.25 ∗ E√

A

E is the total length (m) of the
edges of topographic objects; A
is the total area (m2). This index
will be calculated in each grid
with 1 × 1 km.

LSI provides a standardized measure of
total edge or edge density. The larger
the LSI is, the more irregular the shape
of the landscapes [72]. The LSI requires
the determination of analysis unit size.
In this work, we employ a regular grid
with a size of 1 km2 as the analysis unit.

3. Results
3.1. Classification of the Binary Terrain

Figure 5 displays the classification of the binary terrain in the three study areas. In
general, the segmented results reflect the basic surface structure consisting of ridges and
valleys. As we mentioned in Section 2.3, Areas 1 and 3 are mountainous areas and contain
typical ridges and valleys. The results in Figure 5a,c reflect these findings qualitatively
and digitally and support the quantitative analysis. In detail, the ridge blocks in Area
1 are thinner than those in Area 3. This phenomenon indicates that the surface of Area
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1 is steeper than that of Area 3, which leads to a high SA value over a relatively short
distance. Therefore, the binary terrain segmented by our method can reflect the differences
in detailed topographic structure even in areas with similar landforms. Figure 5b illustrates
the topographic structure in hills, which is different from the other two study areas. The
ridges in Area 2 have a smoother boundary than those in Areas 1 and 3. Plains in valleys
with large areas can also be observed in the northeastern and southwestern regions of
Area 2. In addition, the ridge blocks in Figure 5b generally have a larger width than those
in Areas 1 and 3. This phenomenon relates to the gentle slope gradient in Area 2 with
numerous hills.
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3.2. Method Comparison

To evaluate the performance of the proposed method, we completed comparison
experiments with the method based on the elevation difference and based on the profile
curvature difference. Figure 6 shows detailed differences among these methods. Two phe-
nomena were observed via the results comparison. First, our method efficiently improves
ridge classification, especially in flat areas. Many broken ridge blocks are observed in
Figure 6d,g and denoted by red circles. These broken blocks could be caused by the local
terrain relief, which significantly influences the window-based calculation. In addition, as
shown in the second column of Figure 6, our results avoid the oversimplification shown in



Remote Sens. 2023, 15, 2664 10 of 17

Figure 6e and incorrect expression shown in Figure 6h. This phenomenon also suggests
the better performance of our method compared to the other two methods. Second, the
proposed method can extract more complete mountain areas than the previous method.
Figure 6c,f,i show the results in Area 3, which has a high density of ridges. The intense relief
and frequent changes in different topographic objects increase the difficulty of segmenting
the binary terrain. The results of the previous methods (Figure 6f,i) show the basic surface
structure with a mountainous texture. However, the ridge blocks in Figure 6f,i have small
areas and pseudoridges that reduce the availability of these results. The thin ridge blocks
with complicated boundaries cannot display the complete ridge areas and lead to deviation
in assessing the class ratio of the topographic structure. As shown in Figure 6c, our method
provides a clearer structure of the surface and reduces the pseudoblocks, as we previously
analyzed. This new method also reduces the number of scattered blocks with small areas,
which could reduce the analysis efficiency.
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(a–c) Results segmented by the new method proposed in this paper; (d–f) method proposed by Zhou
et al., 2010; (g–i) results according to the profile curvature; (j–l) hillshade maps in test areas.

In summary, the classification method proposed in this paper outperforms the previous
methods and can efficiently support the understanding of surface patterns. The segmented
results achieve satisfactory performances in different scenarios, including valleys with flat
areas and typical mountainous areas.
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3.3. Calculated Quantitative Indices

Table 2 shows the mean profile curvature, mean plan curvature and class ratio in
three areas based on the segmented binary terrains. It is distinct that ridges and valleys
segmented by the proposed method display a large difference in the value of curvatures.
Ridges in all study areas have positive curvature values, while valleys show negative
curvatures. The curvature results reflect the shape differences of ridges and valleys and
suggest the availability of the proposed method to segment binary terrain. In addition, the
morphological differences between ridges and valleys can be obtained through the results
comparison for the three areas. Ridges in Areas 1 and 3 have similar profile curvatures but
different plan curvatures. This finding shows that the ridges in Area 1 have a similar shape
in the direction along the slope line but a smoother boundary in the direction along the
contour line than that in Area 3. The valleys in Area 3 show totally different topographic
characteristics indicated by the profile and plan curvatures with great differences. The
ridges in Area 2 contain the smallest plan curvature and largest profile curvature. This
phenomenon is possibly attributed to the numerous isolated mountains in Area 2.

Table 2. Results of pixel-based indices.

Area 1 Area 2 Area 3

Profile Curvature (mean)
Ridge 1.11 5.88 1.72
Valley −8.57 −6.35 −2.20

Plan Curvature (mean)
Ridge 5.15 3.37 6.78
Valley −2.73 −2.33 −7.18

Class Ration 0.60 0.88 1.04

Figure 7 displays the results of the PARA and FDI in the study areas. First, the results
of these two indices reflect the obvious shape differences of ridges and valleys. The PARA
and FDI values of ridges and valleys are distributed into different ranges, which further
suggests the validity of the proposed method to segment the binary terrain structure. In
all three areas, the PARA values of valleys are larger than those of ridges, but the FDI
values are smaller than those of ridges. As PARA is sensitive to the size of blocks, this
phenomenon can reflect that ridge blocks segmented by the proposed method have more
complex shapes but smaller areas than valley blocks. In detail, a similar phenomenon was
observed in specific areas. For ridges, Areas 1, 2 and 3 have similar FDIs, but Area 2 has
a relatively small PARA. Considering the meaning of PARA and FDI, this phenomenon
indicates that ridge blocks in Area 2 are smaller than those in other areas and further
supports the abovementioned conclusion that Area 2 contains many isolated mountains
with a small area. In addition, valleys in Areas 1 and 2 show similar FDIs but different
PARAs, which suggests that Area 1 has larger and more complete valleys than Area 2.

We show the LSI values and their spatial distribution in Figure 8. Generally, the three
study areas display different LSI distributions. Area 3 (Figure 8c) has numerous cells with
a large LSI, especially in the direction of southwest to northeast, which has a concentrated
distribution of large LSI values. This finding suggests that the surface pattern in Area 3
is more complex than that in other areas from the perspective of landscape complexity.
Due to the influence of plains in valleys, Figure 8b, which represents the LSI of Area 2,
displays two obvious regions with small LSI values, and a similar region is observed in
the northeastern corner of Figure 8a. This finding indicates that the LSI calculated based
on the segmented binary terrain can display the spatial distribution of valleys and ridges.
Therefore, based on the above analysis, we can quantitatively analyze the surface pattern
based on the segmented binary terrain, which considers the morphological characteristics
and spatial distribution of topographic objects.
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4. Discussion
4.1. Transferability of the Proposed Method

To evaluate the transferability of the proposed method, we completed the terrain
classification based on different DEMs in the test areas. Figure 8 shows the classification
results based on different DEMs, including FABDEM, AW3D30 and SRTM data. The results
show that the proposed method achieves similar results across different data conditions.
In detail, a slight loss of ridges is observed in Figure 9, especially in a subregion of Area
3 (Figure 9c,f,i). In Figure 9b,e,h, the use of different DEMs yields slight morphological
differences in ridges in the middle of the experimental area. These differences are mainly
dominated by the quality of data sources. This phenomenon has a limited effect on the
distribution of ridges and valleys in the classification results. Thus, this experiment suggests
that this new method is transferable to different DEMs.
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4.2. Quantitative Analysis of the Surface Pattern

The comprehensive evaluation of the surface pattern benefits further understanding
of the spatial difference of the Earth’s surface. Considering the various content in the
surface pattern, we selected several pixel-based and object-based indices to quantitatively
evaluate the surface based on the segmented results and then analyze the surface patterns.
First, the profile and plan curvatures are common derivatives that reflect the topographic
characteristics. The curvature results show great differences between ridges and valleys
and vary in three areas on different continents. The class ratio displays the composition of
topographic objects from the perspective of the binary terrain structure. The PARA and FDI
evaluate the shape complexity of landform objects with quantitative results, and the LSI
provides information about the spatial distribution of landforms. The combination of these
indices calculated based on the binary terrain structure provides a chance to understand
the surface patterns from a quantitative perspective.
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The results of the quantitative indices indicate the differences among areas in different
locations. Generally, the three study areas in this paper show different surface patterns.
Area 1 in the Rocky Mountains contains wide and steep valleys indicated by the small
class ratio, large absolute profile curvature and a large PARA. Area 2 in North America
has concentrated plains in valleys with large areas and relatively simple ridge boundaries.
Numerous isolated ridges in Area 2 are also reflected by the quantitative indices. Area 3
has the most complex terrain structure, reflected by a high LSI. Considering the high class
ratio and LSI, it is suggested that Area 3 includes a more frequent transition of ridges and
valleys than the other two areas.

4.3. Limitations and Next Steps

Although the proposed method achieves good results in the classification of binary
terrain, further improvements could be completed in future work. In this paper, we consider
the ridge and valley as elements of binary terrain. The terms of these basic elements could
be updated in areas with different landforms to support research in wider regions. For
example, in an area with the loess landform, the binary terrain consists of the loess ridge
and loess gully [20], while Fenglin and Fengcon [74] compose the binary terrain of the
karst landform. The proposed method provides a general idea to construct the binary
structure of the Earth’s surface, but in a specific area, it is necessary to adjust the terms of
the binary terrain. In addition, it is valuable to generate more classes with detailed attribute
differences based on the binary structure. The binary terrain constructed in this paper can
be further segmented into blocks with low-level classes according to multiple factors. The
construction of a hierarchical object system would benefit geomorphological research at
various scales. In this process, the integration of data with various types and resolutions
could be discussed to solve the potential issues in the classification. The topographic
fusion is helpful for more accurate classification and deeper understanding than before.
Furthermore, we still need to consider the integration of the current method and orogenic
processes that significantly influence surface morphology. The connection between these
two factors can help us understand the relationship between the surface structure and
Earth formation.

5. Conclusions

In this paper, we propose a new method to classify the binary terrain structure and
verify its availability in areas with different landforms. This new method emphasizes the
accumulated characteristics of terrain relief and provides a new topographic derivative
referred to as SA. The proposed method includes four steps: the extraction of highlands,
calculation of the slope gradient, calculation of SA and segmentation of the binary terrain.
We optimized the method by considering local and accumulated surface characteristics to
reduce the uncertainty in the classification and increase the completeness of the segmented
results. The results show that our method outperforms previous studies in different areas
and can provide a binary terrain structure with fewer broken blocks. The experiments
in areas with different landforms suggest the transferability of the proposed method in
various areas. The segmented objects can be regarded as the analysis units for geographic
research and benefit land management and slope mapping.

This paper provides a practical way to quantitatively describe surface patterns. We
constructed a combination of various indices to comprehensively express terrain charac-
teristics. In detail, we considered the topographic characteristics, category composition,
object morphology and landform spatial distribution in the selection of quantitative indices.
Compared to previous studies, the results in this paper express not only the differences
in objects in the binary terrain structure but also the various patterns in three areas on
different continents.
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