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An enclosed karst depression, a typical natural negative terrain, has the advantage of less engineering excavation when
constructing a reservoir. In this study, the enclosed karst depression and its range identification technique have been
developed. What is more, the geometric parameters and spatial distribution of enclosed karst depressions in Anlong County,
Guizhou Province of China, have also been analyzed. Results show that (1) the focus statistic method and local terrain contour
tree model were developed to identify enclosed karst depression and its range using regular grid DEM data with 12.5m spatial
resolution, which has been applied to enclosed karst depression identification in Anlong County. (2) 7262 independent and
nested depressions with an average density of 3.7/km® were identified by using the proposed method. The effectiveness and
reliability of the proposed model have been verified through comparative analysis and visual recognition comparison. (3)
High-density depression areas (5.6 depressions/km?), medium-density depression areas (2.9 depressions/km?), and low-density
depression areas (1.1 depressions/km?) were well classified through kernel density analysis. (4) The geometric parameters of
enclosed karst depressions (area, perimeter, circularity, depth, elevation, slope, and volume) were all analyzed in the study area.
In addition, an indicator called DCK (depression is caused by karstification) was proposed to evaluate the dissolution degree
and karstification stage of the enclosed karst depression. Based on the DCK, we determined that around 2.7% of depressions
were identified as middle-stage and suitable for reservoir construction with enough volume and good slope stability. The idea
and method in this research could provide a technological support for the engineering utilization of enclosed karst depressions.

1. Introduction

An enclosed karst depression is a certain area of closed or
semiclosed negative terrain basin formed by the dissolution
of carbonate rocks in karst areas, and it is a typical type of
karst landform. In southwest China, the karst area distribu-
tion is more than 500,000 km?. Guizhou Province is located
in the core area of this karst region, and the area of soluble
rock accounts for 77% of the whole territorial area, in which
karst peak-cluster depression is the main type of landform.
The enclosed karst depression with natural negative terrain
has good potential in the water reservoir, tailing reservoir,

and technology infrastructure for its good stability and less
excavation [1-3]. Many researchers have studied the devel-
opment, evolution, genesis, and classification of enclosed
karst depression [4, 5], especially in recent years, some auto-
matic detection methods and technologies on different types
of karst depressions have been proposed [6-18], but there is
a lack of research on the engineering utilization of enclosed
karst depressions [19, 20].

Accurate recognition and range extraction of enclosed
karst depression are the key issues for its engineering utiliza-
tion. The enclosed karst depression extraction mainly
depended on the field survey and sketching the depression
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FIGURE 1: Geographical location and 3D terrain map of the study area.

outline manually using low-resolution topographic geomor-
phology maps in the last century, which was time-
consuming and inefficient [21-23]. The work was improved
by the application of digital elevation model (DEM) with
high resolution [24, 25], which can well facilitate depression
identification and evaluation [26], such as the sink-filling
method [27, 28], saddle point method [29-32], and terrain
contour tree method [33-36]. However, there are also many
difficulties, for example, pseudo depressions, poor accuracy
for saddle points, and identifying nested depressions are to
be addressed [37]. Therefore, it is importance to improve
the extraction technique of enclosed karst depression for
the engineering development and utilization.

There were more studies on the utilization of karst
depression in animal ecology, nature protection, geological
tourism, geological relic protection, and geohazard preven-
tion applications [38-43]. They have been studied quantita-
tively using spatial distribution parameters and
morphological statistics [44-48]. With the improvement of
DEM resolution in recent years, the recognition, characteri-
zation, and quantification of enclosed karst depressions have
also been improved significantly. Hao et al. [49] and Yang
[50] applied kernel function and kernel density to classify
the spatial pattern through the depression density, which is
reliable in discriminating the aggregation and similarity
among geographical objects. Many researchers used indexes
such as elevation, area, perimeter, depth, length, width, aver-
age diameter, aspect ratio, roundness, elongation, tensile
length, and compactness hypsometric integral (HI), to char-
acterize the closed depression morphology [51-56]. These
parameters are easily to be obtained from the GIS platforms.

The enclosed karst depression is one of the important
alternative sites for pumped storage power station reservoir
and tailing reservoir [57]. Especially in the construction of
pumped storage power station, enclosed karst depressions
can be used as the upper reservoir, and nearby rivers or

existing reservoirs as the water source of the lower reservoir.
The lower water is pumped to the upper reservoir using the
electric energy during the low power load and released into
the lower reservoir to generate electricity during the peak
power load [1]. Therefore, to develop effective and reliable
identification and evaluation technique of depression is sig-
nificant for engineering utilization. In this work, the
enclosed karst depression extraction and evaluation parame-
ters are studied and applied in the research area, which could
provide some support for the resource utilization of
depressions.

2. Research Area and Data Source

2.1. Geological Condition of the Research Area. As shown in
Figure 1, the research area, Anlong County, is located on the
north bank of the Nanpanjiang River, Guizhou Province of
China. It goes through the transition zone from Yunnan-
Guizhou Plateau to Guangxi hills, covering an area of
2237km?, with the highest elevation of 1910 m, the lowest
elevation of 369 m, and a height difference of about 1541 m
(Figure 1). The whole river system belongs to the Pearl River
Basin. The overall terrain presents a step-like shape and
gradually descends from the middle mountain area in the
west to the hilly basin valley in the east. The geomorphology
of the research area is composited of the mountain, hill,
basin, valley, peak cluster, peak forest, and karst depression.
The underground river distributes throughout the whole
area. The carbonate strata account for 84% of the whole area
and the lithology is mainly thick-bedded dolomite. Due to
the strong geotectonic movement in the geological history,
its geological structure and geological environment are very
complicated in Anlong County. With the crustal movement,
lifting, denudation, and planation process, high karstic pla-
teau mountains have been formed as the core distribution
area of the karst geomorphic landscape in Guizhou.
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FIGURE 2: The schematic diagram of valley bottom identification by focus statistics.

2.2. Data Source. The topographic data used in this work
comes from the DEM raster data with 12.5 m spatial resolu-
tion, which was mapped by Japan’s ALOS earth observation
satellite and was acquired from the website https://urs
.earthdata.nasa.gov. The downloaded data of the research
area would be imported into ArcGIS 10.8 software and pre-
processed with geometric correction, joint coating, and vec-
tor cutting to establish regular grids of DEM, providing the
data foundation for the extraction of the depressions.

3. Methods

3.1. Automatic Extraction of Enclosed Karst Depressions

3.1.1. Depression Identification Using Neighborhood
Analysis. Regular grids of DEM divide the surface topogra-
phy into individual grid cells which store the surface eleva-
tion in the form of pixel data. Using the focus statistics
tool of ArcGIS10.8 software, elevation statistics of the grid
data in the specified neighborhood window are calculated
by the neighborhood analysis tool. The algorithm will iterate
through every pixel to be processed during execution, and
the pixel value in the neighborhood window is allowed to
overlap with other neighborhood windows, so the same pixel
can be included in different neighborhood windows.

As shown in Figure 2(a), in the studied rectangular with
a specified length and width, the algorithm will process all
the pixels in the rectangular neighborhood and scan each

grid pixel in the terrain region in an ergodic style. The eleva-
tion of the central pixel is used to compare with its sur-
rounding rectangular neighborhood. If the value of all
neighboring pixels is higher than that of the central pixels,
the statistical data will be the minimum value, and the eleva-
tion value of the central pixel would be assigned to all neigh-
boring pixels. The generated new DEM data are shown in
Figure 2(b).

As shown in Figure 2(c), the difference between the orig-
inal DEM data and the new DEM data is calculated by
neighborhood analysis which is used to obtain the elevation
difference of each pixel relative to the minimum value in the
neighborhood window. Then the depression is reclassified
according to the relative depth, whose value is greater than
1 will be assigned to NODATA and the segmentation
threshold is set to 1, so as to identify the bottom of the
depression, as shown in Figure 2(d). The bottom of an
enclosed karst depression can be identified using this
method [58].

3.1.2. Depression Boundary Identification. The enclosed karst
depression is a kind of concave catchment terrain, which can
collect the surrounding water flow to reach overflow eleva-
tion [26, 59], and the corresponding elevation is called the
spill elevation of the depression [34]. Once the spill elevation
is reached, the water level will reach the maximum. The
closed surface is called as the maximum contour surface of
the depression (Figure 3(a)). If the two more adjacent
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FiGgure 3: Spillover elevation map of depression.

depressions have the same spill elevation, these adjacent
depressions can be merged into a compound depression
(Figure 3(b)). Thus, after the identification of the depression
bottom, the spill elevation is used to fill the depressions to
obtain the boundary of the depressions.

3.1.3. Terrain Contour Tree Model of Compound Depression.
The enclosed karst depression can be identified and its range
can be delineated for a single depression by the above
method. However, delineating the range of compound
depression in the specified area requires the terrain contour
tree algorithm, which was proposed by Kweon and Kanade
(1994) as a graph theory method to represent the topological
relations of hierarchical contours. Wu et al. proposed the
global contour tree method and local contour tree method
to judge the inclusion relations between closed contours to
build the region expansion algorithm method, which was
widely used in surface morphology analysis and geomorphic
type recognition [21, 60]. In this method, the establishment
of the tree is controlled by nodes and edges. Nodes represent
the regions contained in each rank of closed contour, and
the topological relations between adjacent nodes represent
edges. The initial closed contour line in the depression valley
is set as the seed node, and the contour tree is gradually sim-
plified according to the adjacency or inclusion relation in the
nested relation of contour line. Finally, a complete local con-
tour tree is generated.

Figure 4 shows the local contour tree construction pro-
cess of a nested depression. Three closed contours L,, L,
and L; are seed nodes, which are composed of the first-
rank contours at depression valley. Then the contour is
increased from seed nodes with the specified contour inter-
val step by step. For each step, it is necessary to judge
whether the increased contour contains more seed nodes.
If more seed nodes are encircled in the increased contour,
a node of higher rank will need to be defined which could
cover the range of the contour line delineated. As shown in
Figure 4, L, and L, are the nodes with the same rank, while
L, contains two seed nodes L, and L, so the node L, is at the
highest rank. All contours are traversed successively until the
boundary node L, of the depression is identified. The con-

tour tree model is simplified by remaining the seed nodes
and removing the superfluous nodes.

3.2. The Calculation of Spatial Characteristics of Enclosed
Karst Depressions

3.2.1. Fundamental Spatial Characteristic. Enclosed karst
depressions always characterize as varied morphology and
uneven spatial distribution. It is important to characterize
the morphology of the depression in the field to reflect its
feature; however, the field survey is time-consuming and
laborious. Many GIS tools could facilitate the geometric
parameter extraction of the enclosed karst depression,
including area (S), circumference (T), depth (h), slope (p),
elevation (H), and volume (V). The area and circumference
of the depression are defined as the plane area and side
length of the closed contour corresponding to the maximum
spill elevation. The depth is defined as the maximum vertical
distance between the maximum spill elevation and the
depression bottom, and the slope is obtained by statistical
averages within the range of depressions.

The capacity of reservoirs is also an important geometric
parameter for an enclosed karst depression, which reflect the
volume of an enclosed karst depression. The volume calcula-
tion requires to accurately extracting the boundary and
depth, which were often ignored by previous studies [12,
61]. In this work, the capacity of reservoir is defined as the
volume of a closed body enclosed by circles of contour lines
between the depression bottom and the maximum spill ele-
vation plane. The DEM data of each depression is extracted
and formed into a closed contour of the maximum spill ele-
vation. In the volume calculation, the volume of the depres-
sion is divided into many prismoids whose bottom edge
length D is 12.5 m, and the height is the depth of the relative
spill elevation plane. Then the total volume is obtained by
summing all the quadrangular prismoidal units in the range
of the depression. The volume calculation formula for a qua-
drangular prismoidal unit is written as follows:

V(h;)=D*x (H - h;), (1)

1
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F1Gurek 4: Closed contour lines and corresponding contour tree structure in depressions.

where H is the maximum spill elevation value of the depres-
sion, h; is the relative depth, and D is the edge length of reg-
ular grid DEM.

The total volume of an enclosed karst depression is

V=V(h)+V(hy)+-+V(h,) = i V(ky). (2)

i=1

3.2.2. K Function and Kernel Density. The spatial pattern
analysis of depressions is carried out by using the K function
[62], and the kernel density calculates spatial distribution
patterns mainly. K function is centered on a single point ele-
ment as follows [50]:

K(d)= 5 Y Yi(d,), G)

i i#j

where A is the area of research region. d is the spatial dis-
tance. n is the total number of geographic objects. I(d;;) is
the number of geographical objects within the circle whose
center is i and radius is d; (the j-grade). During the calcula-
tion, the initial distance is set to 0, the increasing distance
interval is 2km, and the maximum distance is 40km.
Finally, both the curve from the observed value and the
curve from expected value are generated. When the observed
value is higher than the expected value, it indicates that the
point data has a high degree of aggregation. On the contrary,
when the observed value is smaller than the expected value,
it indicates that the point data is distributed discretely, and
the optimal spatial clustering analysis distance is calculated
by the K function.

The spatial density difference can be characterized by
using the kernel density, which generates a smooth spatial
trend surface based on the density value of point data within
a certain range. The trend chart of density-spatial distribu-
tion is determined by setting the search radius. The default
search radius is calculated as follows [50]:

1
R=09%min (SD,,/]——=D, | *n %2,  (4)
In (2)

where SD is the standard distance between point data, D,, is
the median distance between point data, and # is the total
number of points.

3.2.3. The Indicator of DCK. In order to evaluate the relative
dissolution degree and difference of enclosed karst depres-
sions in the same area, the index DCK generated by karst
process was proposed. The original carbonate rock mass
before karstization is simplified into a prismoid geometry,
as shown in Figure 5(a), and the bottom face is defined as
the plane surrounded by the current enclosed karst depres-
sion boundaries (that is, the maximum spill elevation sur-
face). The height is regarded as the maximum depth of the
depression, so that the volume of the prismoid block can
be equivalent to the initial volume (V=S x h). The volume
of enclosed karst depression is the loss of surface karstifica-
tion, and DCK is defined as the ratio of the depression vol-
ume (V) to the initial volume (V) (Figure 5).

\%4 \%4
DCD= — = ——, 5
Vo Sxh )

where V is the volume of single enclosed karst depression. S
is the area of the maximum spill elevation plane. h is the
maximum depth of enclosed karst depressions.

4. Results

4.1. Depression Extraction Results and Precision Analysis.
The bottom and range of an enclosed karst depression were
identified by focus statistics and spill elevation, and then the
boundaries of nested depressions were delineated by the
local terrain contour tree method. On ArcGIS 10.8, 11709
depressions and sink region were identified in the research
area (2237km?). 7262 independent and nested depressions
were obtained by a local contour tree method (Figure 6).
The average density of enclosed karst depressions was 3.7/
km? after excluding all nonconforming pseudo depressions.

To verify the accuracy of the algorithm, a small area in
the southwest of the research area was selected for compar-
ative analysis as a sample area, mainly by comparing with
the previous research results and visual identification. In
the research area, Yan et al. [18] counted 475 depressions
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FIGURE 5: Schematic diagram of DCK concept. (a) Before the formation of enclosed karst depression. (b) After the formation of enclosed

karst depression.

through satellite data, topographic map, and field reconnais-
sance, and extracted 391 depressions based on Landsat 8
remote sense images, with an extraction accuracy of less
than 85%. In this work, 521 enclosed karst depressions were
extracted in the same area (Figure 7(a)). In addition, the
extracted results were imported into Google Earth to
increase the resulting visibility (Figure 7(b)). The results
showed that the depression identification was of high accu-
racy, and the method can extract the enclosed karst depres-
sions with small area and high vegetation cover, which
demonstrated the effectiveness of this algorithm.

4.2. The Spatial Pattern Characteristics of Enclosed Karst
Depressions. The spatial pattern analysis of 7262 enclosed
karst depressions extracted from the research area
(2237km?) was carried out. The results showed that the
enclosed karst depressions were characterized as spatial
aggregation in the distance range of 0~22km and converted
to discrete distributions when the distance was larger than
22km (Figure 8(a)). The search radius L was determined
as 7km by analyzing the K function. As shown in
Figure 8(b), the spatial distribution of enclosed karst depres-
sions was calculated by the kernel density analysis method.
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The research area was divided into three grades according to
the depression density from high to low: high-density area
(L), medium-density area (L,), and low-density area (L).
The morphological parameters of three kinds of depressions
with different densities are shown in Table 1. The average
density of depressions in high-density area is 5.3 depres-
sions/km” with the area of 288 km?, which are located in
the northeast and middle of the area. The medium-density
area is the continuation of the high-density area and is
widely distributed, with an average density of 2.9 depres-
sions/km”. While the low-density area is mainly distributed
in the steep slope zone, the density of depressions is merely
1.1 depressions/kmz. The average area, elevation, depth, and
slope of three kinds of depressions are also listed in Table 1.

4.3. Plane Characteristics of Enclosed Karst Depressions. To
systematically and scientifically screen out good enclosed

karst depression for engineering utilization, it is necessary
to characterize the geometry of enclosed karst depressions
accurately using some rational parameters. The results of
morphologically characteristic parameters obtained from
enclosed karst depressions extracted automatically are
shown in Table 2.

The morphological parameters of enclosed karst
depressions are shown in Figure 9. There were obvious
differences and large span of parameters. The maximum
area of depressions is 9.32km?, while the minimum area
is only 0.0015km’ and the average area is 0.065km>.
Depressions with the area greater than 0.1km” account
for 9.11%, and the area of depressions is concentrated between
0.003km? and 0.01km? (41.58%), as shown in Figure 9(a).
According to the Jenks Natural Breaks Classification Method
[63], these depressions can be divided into five categories:
ultrasmall (0~0.14km?), small (0.14~0.57km?), medium
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TaBLE 1: Morphological parameters of depressions in different density areas.

Region Average density of depression Average area of depressions  Elevation of depression ~ Average depth  Average

8 (km™) (km?) valley (m) (m) slope ()
High-density area 5.6 0.069 971-1440 20 28
Medium-density 2.9 0.089 1008-1548 20 27
area
Low-density area 1.1 0.064 378-1645 18 26

TABLE 2: Statistical parameters of enclosed karst depressions in the study area.

Index Area (m?) Perimeter (m) Depth (m) Slope () Altitude (m) Volume (m?) DCK
Minimum 1538.63 63.33 1.00 1.15 378.00 39.01 0.02
Maximum 9320 584.21 87825.19 328.00 77.17 1684.00 3 122 060 632 0.98
Mean 64633.55 733.25 15.79 17.54 1239.93 5633973.59 0.15
Q1 4796.51 179.94 4.00 6.51 1182.00 1092.32 0.06
Q2 9579.46 300.33 7.00 11.98 1260.00 7158.59 0.12
Q3 28756.60 633.56 17.00 23.79 1343.00 82522.07 0.19

Note: Q1 is the first quartile and is equal to 25% of all values in the sample in ascending order. Q2 is the second quartile and is equal to 50% of all values in the
sample in ascending order. Q3 is the third quartile and is equal to 75% of all values in the sample in ascending order.

(0.57~1.81km?), large (1.81~4.25 km?), and super large
(>4.25km?).

Generally, the perimeter is closely related to the area of a
depression which increases with the increase of the depres-
sion area (Figure 9(b)). The parameter circularity C describes
the roundness degree of depressions as follows [64]:

c="2, (6)

where C is the measured value of circularity. SandTare the
area and perimeter of single depression. The shape is closer

to a circle as the C value is closer to 1, while the shape is nar-
rower with the decreasing of the C value.

As shown in Figure 9(c), the majority of depressions
(75%) were near round with the value of circularity in the
range of 0.7~1.0, which indicated that the karstification of
the research area is strong.

Figure 9(d) shows the depth distribution of enclosed
karst depressions. The maximum depth of depressions is
328m, and the average depth is 15.79m. The depth of
depressions is mainly concentrated between 4m and 15m,
accounting for 72.38%. The most of the depressions are
dominated by general depth (<299 m), according to the clas-
sification of depth rank [65].
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TaBLE 3: development stage division of enclosed karst depression according to DCK.
Stage DCK Number of depressions Proportion (%) Suitable for reservoir or not
Juvenile stage <0.15 4483 61.73 No
Youth stage 0.15~0.36 2477 34.11 No
Middle stage 0.36~0.68 196 2.70 Yes
Old stage >0.68 106 1.46 No

In addition, the maximum altitude is 1910m in the
research area, the maximum elevation of the extracted
depression valley is 1684m, and the average elevation is
1239.93 m. What is more, the elevation of depressions con-
centrates in the elevation range of 1100m~1500m
(Figure 9(e)), accounting for 87.71%, which illustrated that
the depressions are mainly distributed in high gullies and
in ridge enclosures, where the height difference is large.

Figure 9(f) shows the slope distribution of enclosed karst
depressions. The maximum slope of depressions is 77°, with
an average slope of 17.54°, and the slope of many depres-
sions (42.21%) is less than 10°. The slope is mainly concen-
trated between 0° and 10° (gentle slope) and 10° and 20°
(steep-slope) [66]. The density of depressions gradually
decreases with the increase of slope, which reflects that the
areas with larger slope are less developed due to the rapid
discharge of surface water and weak infiltration capacity.

4.4. The Spatial Morphological Characteristics of Enclosed
Karst Depressions. In previous researches, the volume of
depressions was calculated approximately by using cone vol-
ume, which caused remarkable errors in volume calculation
of the enclosed karst depression. In this work, the volume of
depressions was calculated based on DEM with a 12.5 m res-
olution. This method embodied the real spatial morpholog-
ical characteristics of depressions to a great extent. The
volume of extracted enclosed karst depressions is concen-
trated between 1.0x 10*m® and 1.0 x 10° m?, accounting
for 73.81%. (Figure 9(g)).

Enclosed karst depressions are controlled by the joints
and fissures in different directions in carbonate rock strata
during the early stage and gradually dissolved or corroded
to form sink. With the crustal movement and rock dissolu-
tion, the joints and fissures expanded continuously, and
the depressions deepened and widened. Finally, the negative
terrain with different volumes formed gradually. So, through
the analysis and evaluation of DCK of enclosed karst depres-
sions, the development degree and difference of the depres-
sions within the range of relatively consistent geological
conditions can be spatially characterized. Meanwhile, DCK
can reflect the availability degree of pumped storage power
station reservoirs in the enclosed karst depressions.

Based on the statistics and analysis of the DCK value of a
large number of enclosed karst depressions in this area, the
relationship between the DCK and the karstification stage
(juvenile stage, youth stage, middle stage, and old stage)
was established according to the classical karst geomorpho-
logical theory, as shown in Table 3. The dissolution degree
of an enclosed karst depression increases, and the excavation
engineering quantity for a reservoir construction is smaller

with the increasing DCK value. For the depression with a
small DCK value, the karst development is in the early stage,
and dam building work will be large due to the poor closure.
The number of depressions with DCK less than 0.36
accounts for 95.84%, and the average value is 0.15, which
are in the juvenile and youth stage of karst development.
2.70% of depressions are in middle age and have large disso-
lution space and better stability in slope, which can be built
for reservoir development and utilization. Only 1.46% of
depressions are in the old stage, whose slopes are too steep
and not suitable for engineering application, as seen in
Figure 9(h).

5. Discussion

The abundant enclosed karst depression in the research area
has been widely recognized [67]. Although they are urgently
needed to play an important role in plant protection, tour-
ism development, and land use, they have not been fully
identified and quantified due to the constraints of demand.
This work focuses on extracting enclosed karst depressions
by the local contour tree method based on DEM data and
measuring the spatial characteristics of enclosed karst
depressions in a GIS environment. This is an effective
method for establishing an enclosed karst depressions
(including sinkholes, dolines, and other negative terrain)
database, which has been recognized and tested by more
people [21, 68]. Compared with other extraction methods
[18], the number of enclosed karst depressions extracted
by the local contour tree method in the research area
increased by 25%, and this result was also well visually veri-
fied in the latest satellite images on Google Earth
(Figure 7(b)). At the same time, although many studies
related to the identification of enclosed karst depressions
are quoted in this work, this study pays more attention to
delineating the actual boundary of enclosed karst depres-
sions, which will provide a more accurate scope for the engi-
neering application of enclosed karst depressions. However,
in the extracted list of enclosed karst depressions, there are
continuous flat areas and river valley trunk lines caused by
the limitation of DEM contour, and the same situation also
appears in Wu et al. [21] and Shaw-Faulkner et al. [69]. As
suggested by Wu et al. [21], the number of pseudo-
depressions caused by DEM errors can be reduced by setting
surface area and depth thresholds.

There are great differences in the spatial characteristics
of the enclosed karst depressions in the study area. For
example, the average density of enclosed karst depressions
in high-density areas is 5.3km™, while the average density
in low-density areas is only 1.1km . This phenomenon also
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exists in Shilin County, Yunnan Province [4]. These two
research areas are located in the core areas of karst develop-
ment in southwest China and have complex stratigraphic
composition, climatic conditions, and elevation differences,
which are the main reasons for their spatial characteristics
differences. From the actual situation, this is the result of dif-
ferent geomorphic evolution stages. For enclosed karst
depressions in the juvenile and mature stages, the area is
small and the density is generally large. When the depres-
sions develop to the old stage, the depressions appear merg-
ing and nesting, showing the characteristics of large volume
and wide area. In this work, the geometric parameters of
other enclosed karst depressions were also measured, includ-
ing circumference, depth, slope, and elevation. Parise et al.
[70] pointed out that the measurement of geometric param-
eters is important data for the construction of enclosed karst
depressions, and such information is helpful for the evalua-
tion of engineering construction and disaster analysis of
enclosed karst depressions [71].

Most notably, in previous studies [36], the measurement
of morphological characteristics of enclosed karst depres-
sions was mainly for geomorphic classification, and they
focused on the selection of the most basic morphological
indicators (such as elevation, slope, and area). Although
these indicators can distinguish different geomorphic fea-
tures to a certain extent, they fail to provide more detailed
information on the engineering development of enclosed
karst depressions. In contrast, an important aim of this study
is to identify enclosed karst depressions and carry out reser-
voir construction for pumped storage power stations. There-
fore, there is a bias in the selection of the spatial
characteristics of the enclosed karst depression in this work.
For example, the volume of depressions was selected in this
study because it can directly reflect the water storage capac-
ity of enclosed karst depressions, and the volume calculation
requires accurate extraction of boundaries and depths,
which are often ignored in previous studies [12, 61]. In gen-
eral, this work is aimed at providing basic data for the devel-
opment of important mountain resources in karst areas by
extracting enclosed karst depressions and measuring spatial
characteristics.

6. Conclusion

Enclosed karst depression is characterized as typical natural
negative terrain, which has the advantage in less engineering
excavation for the pumped storage power station reservoir
construction. In this work, the enclosed karst depression
and its range identification technique have been developed.
And the geometric parameters and spatial distribution of
enclosed karst depressions in Anlong County were analyzed.

(1) The focus statistics method and local terrain contour
tree model were developed to identify enclosed karst
depression and delineate its range using regular grid
DEM data with 12.5 m spatial resolution. 7262 inde-
pendent and nested depressions were identified
using the proposed method, with an average density
of 3.7/km*. Through comparative analysis and visual
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recognition comparison, the proposed method was
proven to be effective and reliable

(2) The enclosed karst depressions in the research area
are characterized by uneven spatial distributions
and different morphologies. There existed spatial
aggregation characteristics in the range of 0~22km
and appeared discrete distribution outside the range
of 22km using the K function evaluation method.
Meanwhile, high-density depression area (5.6 depres-
sions/km”), medium-density depression area (2.9
depressions/km?), and low-density depression area
(1.1 depressions/km®) were classified using kernel
density analysis

(3) Geometric parameters of enclosed karst depressions
(area, perimeter, circularity, depth, elevation, slope,
and volume) were analyzed in the research area. In
addition, a new indicator, DCK (depression is caused
by karstification), was proposed to evaluate the dis-
solution degree of the enclosed karst depression.
The DCK value was used to evaluate the karstifica-
tion stage of the enclosed karst depression, and
2.7% of the depressions were identified as middle
stage and suitable for reservoir construction with
enough volume and good slope stability

Nomenclature

K Aggregation degree (-)

p: Density (number-km?)

S: Area (m?)

T Circumference (-)

H Depth (m)

P Slope (°)

h: Altitude (m)

V: Volume (m?)

DCK: Depression is caused by karstification.
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