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Abstract A new digital elevation model (DEM)
upscaling method based on high accuracy surface
modeling (HASM) is proposed by combining the elevation
information of DEM and the valley lines extracted from
DEM with different flow accumulation thresholds. The
proposed method has several advantages over traditional
DEM upscaling methods. First, the HASM ensures the
smoothness of the upscaled DEM. Secondly, several
DEMs with different topographic details can be obtained
using the same DEM grid size by incorporating the valley
lines with different flow accumulation thresholds. The
Jiuyuangou watershed in China’s Loess Plateau was used
as a case study. A DEM with a grid size of 5 m obtained
from the local surveying and mapping department was
used to verify the proposed DEM upscaling method. We
established the surface complexity index to describe the
complexity of the topographic surface and quantified the
differences in the topographic features obtained from
different upscaling results. The results show that
topography becomes more generalized as grid size and
flow accumulation threshold increase. At a large DEM grid
size, an increase in the flow accumulation threshold
increases the difference in elevation values in different
grids, increasing the surface complexity index. This study
provides a new DEM upscaling method suitable for

quantifying topography.
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1 Introduction

A digital elevation model (DEM) is the digital
representation of the earth’s surface in raster format
(Burrough et al., 1988; Aguilar et al., 2005). It is a data
model depicting terrain at a specific scale (Wolock and
McCabe, 2000; Horritt and Bates, 2001; Liu, 2008). Since
scale is a comprehensive concept, this paper does not
discuss this concept in depth, but considers scale as the
level of detail of topographic information in DEM. DEM
scales with different grid sizes are different; however, this
does not mean that DEM scales with the same grid size
must be the same. For example, DEM scales derived from
different elevation information may be different.

DEMs are widely used in geomorphology, hydrology,
ecology, and environmental sciences (Fisher, 1991; Li
and Chen, 2005; Murphy et al., 2008; Kawabata and
Bandibas, 2009). Different fields or applications may
have different requirements for DEM scales (Schoorl
etal., 2000; Vazeetal., 2010). Therefore, the scale
transformation of DEMs is an important research topic in
geography, geographic information systems (GIS), and
other fields. Scale transformation includes downscaling
and upscaling. Downscaling a DEM means increasing the
resolution of the terrain information. Although some
scholars have argued that algorithms based on high-
resolution interpolation, deep learning, and other methods
can handle DEM downscaling without additional data
(Zhang et al., 2021; Zhou et al., 2021), these methods
simply use a smaller grid size to depict the terrain while
maintaining the original data information. In other words,
higher resolution information is usually subject to great
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uncertainty. In contrast, DEM upscaling discards some of
the information in the input DEM and produces a DEM
with a lower resolution (Weibel, 1992; Ai et al., 2007).
This process does not increase the level of information
and has a rigorous mathematical theory foundation, i.e.
map generalization. DEM upscaling has important and
wide applications. In digital terrain analysis, the optimal
analysis scale of different terrain indices may be different,
which requires scale transformation based on the original
DEM (Xiongetal., 2021, 2022). In addition, DEM
upscaling has important applications in the simulation of
geomorphological development processes. For example,
in areas where water erosion is the main driving force for
geomorphological development, such as the Loess
Plateau in China, small topographic reliefs can be
removed based on DEM upscaling to simulate surface
morphology in different historical periods. Therefore,
further study of DEM upscaling is still needed (Xiong
et al., 2023).

Cartographic generalization is the theoretical basis for
DEM upscaling. Thus, this study focuses on simplifying
DEM terrain. Numerous studies have been carried out on
this subject. For example, Aiand Li(2010) designed a
structured DEM synthesis method that used gully system
data as auxiliary information and simplified DEM by
filling valleys in some small gullies. Zhou and Chen
(2011) considered surface points with large slope and
aspect values as key points and fused valley line
information. A DEM was obtained after creating a
triangulated irregular network (TIN) to retain key terrain
features. Chen and Li (2013) used the orthogonal least
squares method for extracting key surface points for
DEM reconstruction to remove surface details and
simplify DEM. Chen et al. (2016) combined key surface
points of watersheds at different scales to obtain DEMs at
different scales. Ma et al. (2017) proposed a method that
used surface key points as the center and generated
different profiles according to different thresholds in four
directions for simplifying a DEM. Wuetal. (2019)
reconstructed the terrain by searching for surface key
points and used parallel computing based on Compute
Unified Device Architecture (CUDA) to improve data
processing efficiency. Raposo (2020) used window
smoothing and window size determination by calculating
terrain information entropy, ensuring that different terrain
sections were smoothed differently depending on terrain
complexity, i.e., smoother in complex terrain and vice
versa. Chen et al. (2020) designed a Laplacian-based
DEM upscaling algorithm (GLD). It extracts a skeleton
from the DEM and selects lines that depict the main
terrain features. Existing studies can be classified into two
categories. The first is based on surface key points. Its
disadvantage is that it does not consider the constraints of
surface feature lines. As a result, key feature line
upscaling results may differ substantially from the
original data. The second type combines information
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from different watersheds, valley lines, and other data.
However, this method only used valley line or watershed
data at different scales.

High-accuracy surface modeling (HASM) is based on
the differential geometry surface theory proposed by Yue
(2011). This method was initially used for spatial
interpolation (Yue et al., 2007; Yue, 2011), and subsequ-
ently improved to have the capability for spatial
interpolation, spatial data fusion, spatial data assimilation,
and scale transformation (Yueetal., 2016; Yueetal.,
2020). Scale transformation in HASM uses the original
data as the initial value and adds points with high
precision for optimization to achieve scale transformation
for different levels of precision (Yue et al., 2020).
However, the implementation of HASM-based scale
transformation is complex and generally depends on other
spatial interpolation methods, so it does not effectively
integrate the so-called optimization control conditions
with the initial value data.

This study optimizes the scaling process in HASM and
uses valley lines extracted from the original DEM with
different flow accumulation thresholds as input data. The
proposed upscaling method can provide DEMs at
different scales for a fixed grid size by changing the flow
accumulation threshold.

2 Materials and methods

2.1 The improved HASM upscaling method

High accuracy surface modeling (HASM) is a surface
modeling method developed in recent years based on
differential geometry theory, which provides a new
solution to the error problem and multi-scale problem of
surface modeling (Yue, 2011). After decades of
development, HASM has developed into a set of
methods, including spatial interpolation, data assimila-
tion, data fusion, upscaling, downscaling, etc. (Yue et al.,
2016; Yueetal., 2020). As is well known, DEM
upscaling refers to increasing the grid size of a DEM.
Traditional DEM upscaling methods use spatial
interpolation to compute elevation values in the new grid
based on spatial autocorrelation. Unlike the traditional
methods, the DEM upscaling method based on HASM
not only considers the detailed features of the local
surface, but also considers the macroscopic variation
characteristics of the surface. Data and surface
morphology characteristics must be considered in
HASM-based DEM upscaling. As shown in Fig. 1, the
black solid triangle represents the DEM grid after
upscaling, and the black solid circles represent the grid
centers of the original DEM. A grid in the upscaled DEM
contains several grids of the original DEM. These
original DEM grids provide the following information.
1) Range of elevation; typically, the raised grid has the
average elevation value of the grids in the original DEM.
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A grid center in the original DEM

e grid center in the upscaled DEM

Fig.1 Locations of the grid centers in the original DEM (black
solid circle).

2) Maximum elevation; the elevation of the upscaled
DEM cannot exceed the elevation in the original DEM.
3) Minimum elevation; the elevation of the upscaled
DEM cannot be lower than the elevation in the original
DEM.

This information ensures that the upscaled DEM meets
the elevation accuracy requirements. The upscaled DEM
should accurately describe the terrain, such as the
continuity of valleys and ridges. Therefore, a constraint
relationship must be established between the grid and its
adjacent neighbors. If the average elevation value of the
original DEM data in Fig. 1 is M, the maximum elevation
value is ', and the minimum elevation value is E, then the
elevation value of the raised grid (H) should meet the
following conditions:

E{'"H=M+4;"'F, (1)

where 4 is the difference between the grid value of the
upscaled DEM and the mean value of the grids in the
original DEM. M+4 is used in the HASM, because M is
known. Thus, the DEM upscaling calculation can be
completed as long as 4 is known.

solid triangle) and the grid centers of the upscaled DEM (black

The proposed method integrates the upscaling process
and does not execute the two-step strategy of the
traditional HASM, i.e., using the HASM to calculate the
trend surface, calculating the residual surface, and
overlaying the two surfaces. In addition, the accuracy
control points can be selected based on the theory of
terrain feature analysis to ensure that the upscaled DEM
accurately reflects the terrain features.

The optimization of the HASM upscaling model is
performed as follows. Three macro-morphology control
equations are constructed for each grid:

L
VE+G-1

N
VE+G-1
M

VE+G-1

The variables in Eq. (2) have been defined in Zhao
et al. (2014). The terms on the right side of Eq. (2) are
calculated using the original DEM, and those on the left
side are expressed as follows:

fxx =Fi1fx +F%1fy+
foy =T fe+ T, fy+ 2

Fo =T fe+ T, fy+

2(fm0,j +Af0,j) - S(fml,j +Af1,j) +4(fm2,j +Af2’j) - (fmg,,j +Af3,j)

9 =

h2
ms .+A. ._2 m..+A..+ mi_ +A . 1
(fxx)(i,j)z (f i+1,j fH—l,j) (f i.j fl]) (f i—-1,j ﬁl,]), i=1,...,I i (3)
2h2
2(fmyaj+Afren)=5(fmuj+Afeg)+d(fmisj+Afiag)-(fmiaj+Afra)
hz ’ l=I+1
2(fmig+Afi0)—5(fmia+Afir)+4(fmiz+Afi2)—(fmiz+Afi3) i=0
h? T
mi o1 +Afi 1) = 2(fmi i+ Afi i)+ (fmi i1 +Afi i
fwip = migea +4fim) =27 " Sig) (I + A1), j=1...J . @
2(fmi g1 +Afigr1) =5(fmig +Afig)+4(fmi g1+ Afij-1) = (fmig-2+Afi j-2) jT+1

h2



512

(fmy1+4f11) = (fmre +4f10) — (fmoa +Afor)+ (fmeo+4fo0)

Front. Earth Sci. 2024, 18(3): 509-525

h2
(fmy g +Af1g1)+(fmog+Afoy)—(fmig+Afiy)—(fmogi1+4fo5+1)

i=0,j=0

h2
(fmy g +Afrye1) = (fmo g +Afoye1) +(fmog-1+A4foy-1)— (fmyj1+4f15-1)

i=0,j=J+1

2h2
(fmpsr1 +Afr1) — (fmpo +Afro) — (fmpy +Afr1) +(fmr0 +A4f110)

i=0,j=1,....J

(fxy)(i,j) ~

hZ
(fmpg+Afry)—(fmpag +Afig) = (fmp g +Afr o) + (fmpaga +4f101,741)

i=I+1,j=0

2

h
(fm1+1,j+1 +Af1+1,j+1) - (fml,j+1 +Af1,j+1) + (fml,j—l +Af1,j—1) - (fm1+1,j—1 +Af1+1,j—1)

i=I+1,j=J+1

2h2

(fmisr1 +Afiv11) — (fmizr0 +Afirr0) + (fmicro + 4 fic10) — (fmic1 1 +Afi-11)

i=1,...

252
(fmiv1,g+1 +Afir1.ge1) = (fmicr g +Aficag) + (fmiog +Afi1g) = (fmicr g+ 4fic1,g+41)

,I,j: 0

where fm,; is the mean value of the grid in the original
DEM, Af;; is the difference between the calculated value
of the grid after upscaling and fin; o which is the unknown
variable in the equations, and # is the grid size after
upscaling.

After obtaining the three equations in Eq. (2) for each
grid, they are expressed as follows:

Az=d
Bz=¢q ,

Cz=p

(6)

where z is a vector composed of the unknowns in each
grid; 4, B, and C are the coefficient matrices of the
unknowns of the three equations, respectively; d, ¢, and p
are the constant vectors on the right side of the three
equations, respectively.

Control points are obtained from the original DEM
based on the required sampling rate. For the convenience
of calculation, the center points of the grids of the
upscaled DEM are used. Thus, the following equation is
established for each sampling point:

fmij+Afij=fij, (7

where fin, . is the mean value of the grid in the original
DEM, AfU is the difference between the calculated value
of the grid after upscaling and fmn, ., and ff] is the
elevation value of the sampling point.

Eq. (8) is established after considering all sampling
points:

i°

Sz=k. ®

where S is the coefficient matric of the unknowns of the
equation, and £ is the constant vector on the right side of
the equation.

2h?2
(fmi,jﬂ+Afi,j+1>_(fmi71,j+1 +Afi—1,j+1)+(fmi—1,jq +Afi*1»j*1)_<fmi+l,j—1+Afi+1,j,1) o
4h2 , i=1,...,1,j=1,...
&)

Egs. (6) and (8) are combined and then converted into
the following equations:

A d

min||| B (z—| ¢
. 9
el 1o, ©)

s.t. Sz=k

The original DEM provides the maximum and
minimum elevations of the DEM after upscaling.
Therefore, Eq. (9) can be expressed as

A d

min||| B (z—| ¢
c pll, - (10)

s.t Sz=k

" E<z<F

Eq. (10) can be transformed into Eq. (11) for
processing convenience:

WX =V. (11)

where

W=ATA+BTB+CTC+S"s,
V=ATd+BTq+CTp+STk.

The solution of Eq. (11) is then assigned to the grids of
the upscaled DEM. Due to the large scale of Eq. (11),
iterative methods are needed to solve it. Modified Gauss-
Seidel method (MGS), multi-grid method (MG), adaptive
method (AM), adjustment method (AD), and precondi-
tioned conjugate gradient method (PCG) were used to
solve the linear system (10) (Yue et al., 2010; Yue, 2011;
Chen et al., 2012). The results show that although the
PCG method requires more computer storage and

,i=I+1,j=1,....]

i=1,.. Lj=J+1

,J
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computing time, it achieves the highest accuracy (Yue,
2011). With the development of high-performance
computing, more attention has been paid to simulation
accuracy rather than computing speed and memory usage.
Therefore, we use the PCG method to solve the linear
system in this study.

2.2 Extraction of valleys from the DEM

The surface overland flow model is typically used to
extract valleys from DEMs (O’callaghan and Mark, 1984)
by simulating water flowing over the land surface. This
model includes several main steps (Tribe, 1992). First,
the DEM should be filled to eliminate depressions on the
surface, and the flow direction of each grid is determined
by calculating the difference in elevation between the
center grid and its adjacent grids. Then, the flow path of
water over the land surface is calculated. Second, the
amount of water flowing through each grid is quantified
according to the flow path, which is named as flow
accumulation; A grid is considered part of a valley when
its flow accumulation value is greater than a threshold.
The final step is to find an optimal threshold that can
identify all valleys in the study area. This method uses
hydrological confluence to identify the flow path and
simulate surface runoff. The algorithm is straightforward
and generates continuous flow paths. Consequently, this
model and its improvements have been widely used to
extract valleys from DEMs (Jenson and Domingue, 1988;
Tarboton et al., 1991; Turcotte et al., 2001). The key step
of the model is to determine a suitable flow accumulation
threshold, which determines the starting positions of the
valleys. The number and distribution of valleys in a
region differ for different flow accumulation thresholds.
Since the objective of this study is to extract valleys in
the research area, it is necessary to determine the most
appropriate flow accumulation threshold (Tarboton, 1997,
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Lin et al., 2006). However, because different valleys are
used as input data for the DEM upscaling model, it is not
necessary to determine the optimal threshold because
different valleys with different flow accumulation
thresholds are needed.

2.3 Calculating the surface complexity index

Different indices have been used in digital terrain analysis
to evaluate surface morphological characteristics at
different scales, such as slope, curvature, undulation, etc.
(Tang, 2014). The result of DEM upscaling is to remove
the small fluctuations of different degrees of the surface,
so a parameter is needed to effectively describe the small
fluctuation characteristics of the surface. However, there
is no effective index to assess this type of surface
morphology. Therefore, this paper proposes the surface
complexity (SC) index to quantify the difference in
surface morphology before and after DEM upscaling.

A grid and its 8 nearest neighbors are selected (Fig. 2).
A line connecting the center points of three grids forms
an angle in three-dimensional space. A large angle
indicates flat terrain in the specified direction, and a small
angle indicates complex terrain. Therefore, the SC index
can be quantified by the sinusoidal value of the angle. If
the spatial coordinates of the three grids are Pi(x1,y1,21),
Ps(xs,y5,25), and Py(x9,y9,29), the sinusoidal value of the
angle can be computed as follows:

—_—
P Ps = (a1,b1,c1) = (x5 —x1,y5 —¥1,25 — 21), (12)
—
PsPy = (a3,b3,¢2) = (X9 — X5,y9 — ¥5,29 — 75), (13)
. by1.b .
cos 0 = il e el Eee ks Ee , (14)

2,952, .2 2,12, 2
\/a1+b1+cl.\/a2+b2+c2

) ) )

P, P P,
. A )

P, Py P

A the central grid

) . )

P, Py P,

® the adjacent grid

Fig. 2 The series number of central grid and its adjacent grid.
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sin @ = +/1—(cos 6)>. (15)

One grid is used as the center, and the four directions
are determined. The sinusoidal values of the angles in the
four directions are computed, and the values are
considered the SC index of the grid.

T, =sin 6, +sin 6, + sin 63 + sin 6.

(16)
The results is normalized to enable the comparison of
the SC index in different regions:

T, —min

SC-Index = 17

max —min’

The maximum value of the SC Index in any direction is
1 (if the angle is 90°), and the minimum value is 0 (if the
angle is 180°). Therefore, the maximum and minimum
values are, respectively, 4 and 0:

T,
SC-Index = T”. (18)

2.4  Study area and data

Jiuyuangou Basin located in Suide County, Shaanxi
Province, China, was selected as the test area. This area is
located in the hilly region of the Loess Plateau in northern
Shaanxi. The altitude range is 985—1491 m, and the
relative height difference is 506 m. This area has a flow
erosion landform, the gully system is well developed, and
belongs to hilly terrain. It is an ideal area to evaluate
DEM upscaling. The topography of the test area is shown
in Fig. 3. The experimental data used in this study are
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DEMs produced by the local surveying and mapping
department, and the grid size is 5 m.

3 Results

3.1 Upscaling results

The original DEM (5 m grid) was scaled to 30 m and
90 m using the proposed DEM upscaling method. For
each grid size, valleys corresponding to flow
accumulation thresholds of 500, 5000, and 15000 were
selected. Upscaled DEMs with both grid sizes are shown
in Figs. 4 and 5. The level of detail is significantly higher
for DEM 30 m than for DEM 90 m. As the flow
accumulation threshold increases, the number of valleys
entering the upscaling model and the output in the
upscaled DEM decreases. Since the valleys are formed by
runoff erosion in the geomorphological evolution of this
region, the proposed upscaling method can be regarded as
an anti-erosion process. The larger the flow accumulation
threshold, the lower the degree of erosion of the obtained
results is due to the simplification of the terrain.

The SRTM-dem of the studied area was adopted in this
research as a reference for comparative analysis, the grid
size of the first one is 30 m (Fig. 6(a)), and the grid size
of the other one is 90 m (Fig. 6(b)). Compared to SRTM-
dem, the upscaled DEMs in this study have two
advantages. The first is that the upscaled DEMs in this
study can maintain the continuity and independence of
the valley terrain very well. However, in the case of
SRTM-dem, some adjacent valleys were connected to
each other or merged into a whole in the area near the

Fig.3 Topography of the study area.
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Fig. 4 The upscaling results for a 30 m grid size. (a) Flow accumulation threshold of 500; (b) flow accumulation threshold of 5000;

(c) flow accumulation threshold of 15000.

outlet of the watershed, where the valley terrain is well
developed, and there are some discontinuous valleys in
the upper reaches of the watershed away from the outlet.
It is easy to see that a larger grid size leads to more
serious problems in the wvalley terrain. The second
advantage of upscaled DEMs in this study is also the
main innovation of this study. Upscaled DEMs vary
according to the valley used in the upscaling process. The
application value of the series of upscaled DEMs is that
they can be used to simulate the surface morphology of
different periods of landform development, whereas
SRTM-dem can only express one surface morphology.
Table 1 provides descriptive statistics and mean slope
of original and upscaled DEMs. As the DEM grid size of
5 m is increased to 30 m and 90 m, the minimum value
increases, the maximum value decreases, and the mean
value increases. The reason is that more valley fillings
than peak clippings occur. When the grid size of the
upscaled DEM is fixed at 30 m, and the flow
accumulation threshold increases, the minimum and

maximum values do not change significantly, but the
mean value increases. As the grid size of the upscaled
DEM and the flow accumulation increase, the standard
deviation of the elevation and the mean slope decrease.

To compare the distribution of elevation values of
different DEMs well, histograms were generated for the
original DEM and all the upscaled DEMs (Fig. 7). It can
be seen that the distribution of elevation values is
approximately normal for the original DEM and all
upscaled DEMs, and the main difference is that the
smoothness of the different histograms is different. In
terms of the area studied in this paper, the smoothness of
the 30 m upscaled DEM is the best, the smoothness of the
original DEM is the second, and the smoothness of the 90
m upscaled DEM is the worst. This is because the 30 m
upscaled DEM is a small generalization of the original
DEM, of which the result is that some small undulating
terrains have been removed, so the histogram of the 30 m
scaled DEM is smoother. However, when the original
DEM was upscaled to 90 m, the elevation disorder of the
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Fig. 5 The upscaling results for a 90 m grid size. (a) Flow accumulation threshold of 500; (b) flow accumulation threshold of 5000,
(c) flow accumulation threshold of 15000.

Elevation/m Elevation/m
1172

po— 1166

. 322 = 827

(@) (®)
Fig. 6 SRTM-dem of the test area. (a) Grid size is 30 m; (b) grid size is 90 m.
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Table 1 Elevation Statistics for Different DEMs
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DEM Min/m Max/m Mean/m Std. Dev. Slope/(°)
Original DEM 828 1188.3 1003.68 58.24 29.36
Upscaled DEM 827.95 1185.78 1004.37 58.34 22.60
Grid size:30 m
Flow accumulation threshold: 500
Upscaled DEM 828.08 1185.74 1007.18 58.21 19.87
Grid size:30 m
Flow accumulation threshold: 5000
Upscaled DEM 828.08 1185.74 1008.09 57.77 18.79
Grid size:30 m
Flow accumulation threshold: 15000
Upscaled DEM 843.96 1171.78 1004.87 55.72 10.47
Grid size:90 m
Flow accumulation threshold: 500
Upscaled DEM 843.41 1173.22 1010.59 56.51 10.16
Grid size:90 m
Flow accumulation threshold: 5000
Upscaled g DEM 843.40 1173.14 1012.87 56.28 9.44
Grid size:90 m
Flow accumulation threshold: 15000
x10*
25 g 2500 2500
2F 2000 - 2000
1.5 1500 1500
1 1000 1000
0.5+ 500 - 500
0 )
900 950 1000 1050 1100 1150 850 900 950 1000 1050 1100 1150 1200 850 900 950 1000 1050 1100 1150 1200
@ (b) ©
2500 200 200
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(€]

0
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®

Fig. 7 The histograms of different DEMs. (a) Original DEM; (b) flow accumulation threshold of 500 (grid size: 30 m); (c) flow
accumulation threshold of 5000 (grid size: 30 m); (d) flow accumulation threshold of 15000 (grid size: 30 m); (e) flow accumulation
threshold of 500 (grid size: 90 m); (f) flow accumulation threshold of 5000 (grid size: 90 m); (g) flow accumulation threshold of

15000 (grid size: 90 m).
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A REB G LY A

—— River

Fig. 8 Contour lines extracted from the upscaled DEM (grid size: 30 m). (a) DEM hillshade; (b) flow accumulation threshold of
500; (c) flow accumulation threshold of 5000; (d) flow accumulation threshold of 15000.

upscaled DEM is significant, so the smoothness of 90 m
upscaled DEMs’ histograms is also poor.

3.2 Contour maps

Contour maps are critical to describing elevation changes
on the earth’s surface. The curvature of the contour lines
and the relationship between the different contour lines
provide information on the terrain. The contour lines
extracted from the 30 m and 90 m upscaled DEMs (with
flow accumulation thresholds of 500, 5000, and 15000)
are shown in Figs. 8 and 9. The blue lines are the valley
lines of the test area extracted from the original DEM
with a flow accumulation threshold of 300. The largest
valley in the small watershed is defined as the first-level
valley, and its tributaries are defined as the second-level
valleys. Its tributaries are defined as third-level valleys.
The main valleys in the test area can be seen on the
contour map at a grid size of 30 m. The contour lines in

the DEM with a flow accumulation threshold of 500
show the first-level, second-level, and third-level valleys.
At a flow accumulation threshold of 5000, the first-level
and second-order valleys can be seen, but most of the
third-order valleys cannot be detected, or the curvature of
the contour lines is difficult to see. Thus, the valley
appears as it was before the erosion. These changes are
more pronounced at a flow accumulation threshold of
15000, and some of the smaller secondary valleys cannot
be detected. Only the first-level valley can be seen at a
grid size of 90 m, and the terrain has fewer fluctuations.

3.3 Surface complexity index

The main purpose of DEM upscaling is data
generalization, and terrain complexity is an effective
measure of DEM generalization. Therefore, a quantitative
measure of DEM terrain complexity is essential to
evaluate the upscaling results. The SC indices of different
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— Upscaled contour lines

Origin contour lines —— River

Fig. 9 Contour lines extracted from the upscaled DEM (grid size: 90 m). (a) DEM hillshade; (b) flow accumulation threshold of
500; (c) flow accumulation threshold of 5000; (d) flow accumulation threshold of 15000.

upscaled DEMs were calculated, and the influence of grid
size and flow accumulation threshold were analyzed.
Figures 10—12 show the SC indix of the original DEM
and the 30 m and 90 m upscaled DEMs for flow
accumulation thresholds of 500, 5000, and 15000.

It can be seen from Figs. 10—12 that areas with high
terrain complexity are located on both sides of the
valleys. The SC index is higher on both sides of the
valley near the outlet of the watershed than at the top of
the watershed. The SC index is higher in regions with
irregular valley shape than in regions with regular valley
shape. This finding is accurate because the study area has
undergone extensive flow erosion. In general, the erosion
level is higher in the downstream region, and the SC is
higher. A curved valley has complex terrain, resulting in a
higher SC index. Upscaled DEM with a grid size of 30 m
shows high complexity along the valley. As the flow
accumulation threshold increases from 500 to 15000, the

valley shrinks, and the number of areas with a high SC
index decreases, indicating that the proposed upscaling
method is suitable for terrains with high complexity.
Upscaled DEM with a grid size of 90 m shows high
complexity, but there are fewer terrain fluctuations due to
the larger grid size.

Figures 11 and 12 show difference in the spatial
distribution of the SC index for the upscaled DEMs with
different grid sizes. Table 2 lists the descriptive statistics
of the SC index for different DEMs (the minimum is 0 for
all results; therefore, it is not listed). The SC index of the
upscaled DEM is significantly lower than that of the
original DEM (5 m grid size). For example, the maximum
SC index of the original DEM is 4.665, where it is about
3 (30 m grid size) and 1.5 (90 m grid size) after
upscaling. The mean SC index is also lower after DEM
upscaling. In addition, the mean SC index decreases as
the flow accumulation threshold increases for both grid
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Fig. 10 SC index of the original DEM.

Fig. 11 SC index of the upscaled DEM (grid size: 30 m). (a) Flow accumulation threshold of 500; (b) flow accumulation threshold

of 5000; (c) flow accumulation threshold of 15000.
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Table 2 Descriptive statistics of the SC Index for Different DEMs (m)

DEM

Std
0.670

Mean

X

a
4.665

1.533
1.297

Original DEM

3.094 0.528

Flow accumulation threshold: 500

Upscaled DEM

Upscaled DEM
Grid size:30 m

Grid size:30 m

0.540

1.112

3.079

Flow accumulation threshold: 5000

Upscaled DEM
Grid size:30 m

0.530

1.041

2.945

Flow accumulation threshold: 15000

Upscaled DEM
Grid size:90 m

0.321

0.622

1.502

Flow accumulation threshold: 500

Upscaled DEM
Grid size:90 m

0.308

0.586

1.482

Flow accumulation threshold: 5000

Upscaled DEM
Grid size:90 m

0.303

0.543

1.419

Flow accumulation threshold: 15000

Fig. 12 SC index of the upscaled DEM (grid size: 90 m). (a) Flow accumulation threshold of 500; (b) flow accumulation threshold

of 5000; (c) flow accumulation threshold of 15000.
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sizes. Compared to the mean value, the difference in the
standard deviation between different flow accumulation
thresholds is relatively small. The original DEM has the
largest standard deviation, followed by 30 m and 90 m
grids. However, the standard deviation increases and
decreases as the flow accumulation increases for a grid
size of 30 m.

Figure 13 shows the histograms of the SC index
calculated from the original DEM and each upscaled
DEM. It can be seen that the shape of the SC index
histogram of the original DEM data is obviously to the
right. That is, the distribution on the left is steep and the
right is relatively flat. For upscaled DEMs with a grid size
of 30 m, the SC index histograms are basically normal,
while the histograms show a rightward shape when the
grid size increases to 90 m, and the histograms are less
smooth for the latter upscaled results, which are different
from the original one. The reasons for the differences in

x10*
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the morphology of different histograms can be explained
as follows: The original DEM (grid size is 5 m) can better
simulate the actual surface, therefore, although the overall
slope of the studied area is large, the areas with dramatic
terrain changes are still few. That is, the total number of
grids with large complexity is small, so the skewness of
the corresponding histogram is right. The number of total
grids decreases when the grid size becomes 30 m, but the
area of valleys and other areas with complex terrain
changes decreases less due to the integration of valley
information in the upscaling process, so the histograms of
these upscaled results are normally distributed. When the
grid size continues to increase to 90 m, the total number
of grids is further reduced, and the elevation between
different grids changes greatly, so the smoothness of the
histograms is poor.

A threshold sequence is analyzed to determine the
threshold’s influence on DEM upscaling. Thresholds of
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Fig. 13 The histograms of SC index from different DEMs. (a) original DEM; (b) flow accumulation threshold of 500 (grid size:
30 m); (c) flow accumulation threshold of 5000 (grid size: 30 m); (d) flow accumulation threshold of 15000 (grid size: 30 m);
(e) flow accumulation threshold of 500 (grid size: 90 m); (f) flow accumulation threshold of 5000 (grid size: 90 m); (g) flow

accumulation threshold of 15000 (grid size: 90 m).
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Fig. 15 Mean (left) and RMSE (right) of SC index for different flow accumulation thresholds (grid size: 90 m).

200, 500, 800, 1000, 1200, 1500, 1800, 2000, 2500, 3000,
3500, 4000, 4500, 5000, 6000, 7000, 8000, 9000, 10000,
12000, 15000, 18000, and 20000 are used for DEM grid
sizes of 30 m and 90 m, and the SC index is calculated.
The mean and root mean square error (RMSE) of the SC
index are shown in Figs. 14 and 15.

Trends in the mean SC index for grid sizes of 30 m and
90 m are similar as the flow accumulation threshold
increases, but there are some differences in local areas.
For a grid size of 30 m, as the flow accumulation
threshold increases, the mean SC index decreases rapidly
and then stabilizes at a value between 1.1 and 1.15. For a
grid size of 90 m, the mean SC index increases first and
then decreases with an increase in the flow accumulation
threshold. The rate of decline is relatively stable (i.e.,
approximately linear), and the value eventually stabilizes.
The RMSE of the SC index shows similar trends for the
30 m and 90 m grid sizes as the flow accumulation
threshold increases, i.e., increase followed by decrease.
The only difference is a more gradual change in the
RMSE for the 30 m grid size.

The variation characteristics of the SC index as the

flow accumulation threshold increases can be explained
as follows: A larger flow accumulation threshold means
less valley information available for DEM upscaling, so
more undulating terrain is abandoned after upscaling, so
the complexity of the terrain expressed by the upscaled
DEM is generally reduced. However, since available
valleys tend to be stable in the series of flow
accumulation thresholds, the final SC index is also
gradually stable.

4 Discussion and conclusions

The proposed DEM upscaling method was inspired by
two facts. First, increasing DEM’s grid size in upscaling.
However, when the grid size is constant, it does not mean
that the DEM scale is fixed. There should still be a scale
sequence, and the difference in this scale sequence
reflects the key terrain features. Second, valleys are the
key terrain features at different scales.

The proposed DEM upscaling method based on HASM
is characterized by two innovations. The first is an
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improved HASM upscaling method according to the
change in elevation before and after DEM upscaling. This
approach is reasonable and straightforward. The second is
the extraction of valleys at different scales to constrain
topographic features. This strategy allows DEMs to be
extracted at different scales with the same grid size for
different applications. We developed the SC index to
quantify the complexity of topographic features of DEMs
with different scales. The main conclusions of this paper
are as follows.

1) Changing the resolution is not the only DEM
upscaling approach. When the grid size of the DEM is
fixed, DEMs with different complexity of surface
information can be obtained by extracting valleys with
different flow accumulation thresholds using the
proposed upscaling method. As the flow accumulation
threshold increases, the terrain information is simplified
when upscaled.

2) As the DEM grid size increases, the minimum DEM
value increases, and the maximum value decreases
because more valley filling than peak clipping occurs.
However, the mean elevation values of the different
DEMs show that valley filling is dominant; therefore, the
mean value increases with increasing grid size. Standard
elevation deviation and mean slope value decrease with
increasing grid size. In DEMs with the same grid size, the
two parameters also decrease with an increase in the flow
accumulation threshold. Similar conclusions can also be
drawn from the contours extracted from the different
DEMs.

3) A SC index that considers the angle between
adjacent grids in the DEM in three-dimensional space
was proposed to describe the complexity of surface
morphology. As DEM grid size increases, the mean and
standard deviation of the SC index decreases
significantly, indicating that an increase in the DEM grid
size reduces SC index. However, when the grid size is
fixed and the flow accumulation threshold increases, SC
index trends vary for different grid sizes. At grid size of
30 m, the mean SC index initially decreased sharply,
followed by a gentler decline as the flow accumulation
increased from 100 to 20000. The RMSE of the SC index
increases first and then decreases rapidly, followed by
stabilization. At a grid size of 90 m, the mean SC index
and its RMSE increase first, then decrease and stabilize.
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