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Abstract Lacunarity analysis is frequently used in
multiscale and spatial pattern studies. However, the
explanation for the lacunarity analysis results is limited
mainly at a qualitative description level. In other words,
this approach can be used to judge whether the spatial
pattern of the objective is regular, random or aggregated in
space. The lacunarity analysis, however, cannot afford
many quantitative information. Therefore, this study
proposed the lacunarity variation index (LVI) to reflect
the rates of variation of lacunarity with the resolution. In
comparison with lacunarity analysis, the simulated experi-
ments show that the LVI analysis can distinguish the basic
spatial pattern of the geography objects more clearly and
detect the scale of aggregated data. The experiment
showed that different slope types in the Loess Plateau
display aggregated patterns, and the characteristic scales of
these patterns were detected using the slope pattern in the
Loess Plateau as the research data. This study can improve
the spatial pattern analysis and scale detecting methods, as
well as provide a new method for landscape and vegetation
community pattern analyses. Lacunarity analysis is
frequently used in multiscale and spatial pattern studies.
However, the explanation for the lacunarity analysis results
is limited mainly at a qualitative description level. In other
words, this approach can be used to judge whether the
spatial pattern of the objective is regular, random or
aggregated in space. The lacunarity analysis, however,
cannot afford many quantitative information. Therefore,
this study proposed the lacunarity variation index (LVI) to
reflect the rates of variation of lacunarity with the
resolution. In comparison with lacunarity analysis, the
simulated experiments show that the LVI analysis can

distinguish the basic spatial pattern of the geography
objects more clearly and detect the scale of aggregated
data. The experiment showed that different slope types in
the Loess Plateau display aggregated patterns, and the
characteristic scales of these patterns were detected using
the slope pattern in the Loess Plateau as the research data.
This study can improve the spatial pattern analysis and
scale detecting methods, as well as provide a new method
for landscape and vegetation community pattern analyses.

Keywords lacunarity variation index (LVI), slope pattern,
characteristic scale, the Loess Plateau, digital elevation
model (DEM)

1 Introduction

Spatial pattern appears to be ubiquitous. The definition of
spatial pattern is complex, and the original one refers to an
ecological concept that relates to the distribution of
individuals in space and is an important feature of the
population of settled organisms (Anderson and Rosenberg,
2016). Oliver and Webster (1986) considered spatial
pattern as a special form that can be detected and
described. Dale and Gibson (2002) defined spatial pattern
as the organized form of objects expressed at a certain time
point or period. Generally speaking, spatial pattern
recognition is extremely important, and the study of spatial
pattern type and intensity change plays an essential role in
the disciplines that involve quantitative and statistical
studies (Greig-Smith, 1979). For the statistical analysis of
ecological and geographical data, although different
ecological or geomorphic evolution processes have similar
spatial patterns, the quantification of such patterns can still
provide important clues for the identification of the
process. Moreover, researchers can design hypothesis
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testing or modeling according to the corresponding
characteristics for further investigations.
According to different research objects, there are many

kinds of spatial patterns, such as land use pattern,
vegetation pattern, species diversity pattern, etc. In the
field of geomorphology, landform is the main manifesta-
tion of spatial pattern, and slope is a basic element of
geomorphology, so the spatial pattern of slope, namely, the
slope pattern, has gradually become the focus of many
researchers. The quantificational analysis of loess terrains
is a key subject in the research on the Loess Plateau. Tang
et al. (2008) proposed the slope spectrum to describe the
loess landform quantitatively based on the slope point of
view. Zhou et al. (2010) discussed the loess landform
based on loess’ positive and negative terrains. However,
these studies did not describe the spatial pattern of the loess
slope properly. Describing the loess landform by studying
the slope pattern is a new and effective method considering
that different slope combinations can reflect various
landform types.
Spatial pattern analysis has always been the main tool of

geographical and ecological analyses, and also the basis of
slope pattern research. Corresponding spatial pattern
analysis is developing rapidly with the widespread use of
computing resources. Methods for analyzing spatial
patterns in various disciplines have been developed. Dale
et al. (2002) and Perry et al. (2002) summarized and
compared the common methods used in spatial pattern
analysis. Visual analysis is an elementary spatial pattern
analysis method. However, this approach identifies and
explains spatial patterns insufficiently. Variance is one of
the simplest and oldest measures of spatial pattern. In
many instances, this analysis mainly aims to distinguish
among the three categories of spatial patterns, namely,
regular, random and aggregated. In quadrat analysis, the
spatial locations of the sample units are included in the
investigation; such analysis requires the data to be
collected as a complete census in strings or grids of
contiguous quadrats. In addition, this analysis is often used
to check the spatial distribution of accessibility (Sadahiro,
2005) and measure forest and plant distributions (Falcon-
Lang, 2003; Plante et al., 2004). However, the results of
quadrat analysis are inaccurate when an inappropriate
quadrat size is used. Nearest neighbor analysis has been
applied to measure the pattern of animal (Heupel and
Simpfendorfer, 2005), plant (Shaw et al., 2005) and
landform distribution (Gao et al., 2005). Nearest neighbor
analysis is more robust than the quadrat analysis, but both
methods are criticized for their inability to measure the
correlation of the attributes (Williams and Wentz, 2008).
The application of spatial tessellations and Voronoi
diagrams in the analysis of the spatial patterns of points
is widely used in agriculture, microbiology and astronomy
(Kristensen et al., 2006). Fractal analysis is commonly
used to generate artificial but real landscapes, as well as to
quantify the irregularity of the landscapes. De Keers-

maecker, Frankhauser and Thomas (2003) used fractal
analysis to describe the irregular urban land use in
Brussels, Belgium. Each method has advantages and
disadvantages for certain types of problems and data.
Lacunarity analysis is one of the common methods in

quadrat analysis and was initially used to describe the
geometric structure and distribution in solid materials
quantitatively. This analysis was later developed as a
multiscale pattern analysis method. Lacunarity, which has
been introduced by Mandelbrot and Wheeler (1983), is a
specialized term in geometry that refers to a measure of
how patterns, especially fractals, fill space. Patterns that
exhibit many or large gaps have high lacunarity or a high
degree of ‘gappiness’. Gefen et al. (1983) considered
lacunarity a scale dependent measure of heterogeneity or
texture. Lacunarity can be used to distinguish objects with
the same or similar fractal dimensions. With the advantage
of multiscale information, it can also be used to detect the
spatial pattern of a study object (e.g. rank construction,
self-similarity, randomicity and aggregated) (Wu et al.,
2006).
Lacunarity analysis is now widely used in many fields.

Plotnick (1996) introduced lacunarity analysis into land-
scape ecology, which demonstrated a great application
potential (Larsen and Bliss, 1998; With and King, 1999;
McIntyre and Wiens, 2000). Lacunarity analysis has also
been used successfully in medicine research, such as in
vertebral trabecular bone for assessing osteoporosis
(Dougherty and Henebry, 2002) and in the automated
assessment of melanocytic naevi and melanoma.
However, lacunarity analysis also possesses several

shortcomings. Dale (2000) stated that lacunarity analysis
can easily distinguish whether the spatial pattern of the
study object is systematic regular, randomly distributed or
aggregated. However, many geographical objects present
aggregated pattern in nature. For aggregated patterns, the
analysis fails to detect the characteristic scale, which is a
critical factor in spatial pattern analysis. Therefore, Dale
(2000) proposed a new index called standard lacunarity.
Although the interpretation of the results of standard
lacunarity analysis is easier than that of the traditional one,
the standard lacunarity still fails to detect the characteristic
scale.
Characteristic scale is the scale at which the dominant

pattern emerges. Many have argued that ecological and
geographical phenomena tend to have characteristic spatial
and temporal scales, or spatiotemporal domains (Urban
et al., 1987). Different characteristic scales indicate that
different mechanisms are involved in determining their
pattern. If the characteristic spatial scale of a system of
interest is known, researchers could use it to isolate
particular phenomena of interest. To better understand the
structure of the system, it is a major focus of slope pattern
analysis which is to find the characteristic scale of pattern
in the system, often as a precursor to experimental studies
of pattern-process relationships (McGarigal, 2016). For
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example, the space-for-time substitution method in the
field of geomorphology requires the detection of char-
acteristic scale, because different landform forming
process have their own characteristic scale. In the Loess
Plateau, the slope characteristic scale can correspond to the
development process of gully, and the regional character-
istic scale can correspond to the development process of
small loess watershed in different spatial locations under
the same development mode (Huang et al., 2017).
This study proposes a new index called lacunarity

variation index (LVI), and the calculation of LVI is based
on the common lacunarity. A simulation experiment
verified that the new method can distinguish the basic
spatial pattern type and detect the characteristic scales of
the aggregated slope pattern easily. In the present study,
three sample areas located in the Loess Plateau were
selected for the analysis of the slope pattern using LVI.

2 Materials and methods

2.1 Research area and data

The Loess Plateau, one of the four main plateaus of
China, was selected as the research area of this study. It is
about 640000 km2 plateau, extending between 34° N and
40° N/100° E and 115° E, which is the central northern part
of China (Reiji and Naru, 2014).
Three areas located in the Loess Plateau were selected as

the sample areas (Fig. 1). Table 1 shows the detail
information of the sample areas. The basic data source of
this paper is 5 m resolution digital elevation models
(DEMs), which are produced in accordance to the national
standard of China.
A series of simulation data sets that represents the three

types of spatial patterns are conducted according to the

Fig. 1 Spatial distribution of the sample areas.

Table 1 Basic overview of the sample area

Sample area Geographical coordinates Landform type Basic information

Suide 110°15′00″—110°22′30″E;
37°32′30″—37°37′30″N

Loess hill Suide is a key watershed of soil and water conservation. The highest and lowest
elevations in this area are 1115 m and 892 m, the average annual precipitation and

temperature is 486 mm and 9.7°C, respectively.

Ganquan 109°30′00″—109°37′30″E;
36°10′00″—36°15′00″N

Loess ridge The highest and lowest elevations in this area are 1459 m and 1147 m, the average annual
precipitation is 670 mm, and the average temperature ranges within 10.4°C–13.6°C.

Yijun 109°18′45″—109°26′15″E;
35°25′00″—35°30′00″N

Loess tableland The highest elevation above sea is 1158 m, whereas the lowest one is 768 m, the average
annual precipitation is 709 mm, and the average temperature is 8.9°C.

96 Front. Earth Sci. 2021, 15(1): 94–105



basic spatial pattern types (i.e. regular, random and
aggregated). Given that the aggregated pattern is more
complex and prevalent in real world than the other two
pattern types, this study focused on the aggregated pattern.
Four types of aggregated pattern are selected, and six
simulation data sets are generated (Fig. 2). The attributes of
the data sets are listed in Table 2, where density is the
proportion of the studied objects covered, and aggregated
unit size refers to the number of studied objects that
aggregated together as a unit.
Except for the data set (a), which was created manually,

all data sets are generated using the ArcGIS Pro software.
First, a random data set is obtained through the Create
Random Raster Tool. Secondly, the objects of the random
data are broken down to generate small objects by
changing the output cell size using the Resample tool.
Lastly, the raster data sets are converted into a TXT file to
satisfy the requirement of the experiment.

2.2 Methodology

2.2.1 Spatial pattern and characteristic scale

As previously established, the definition of spatial pattern
is complex (Anderson and Rosenberg, 2016). In this study,
spatial pattern is considered the organized form of the
objects expressed at a certain time point or period. Despite
the lack of a unified definition, the basal types of spatial
patterns, namely, regular, random and aggregated (Heltshe
and Ritchey, 1984) are explicit (Fig. 3). Investigating
spatial patterns can reveal the regularity of spatial objects
through appropriate observation and analysis of scale.
The concept of scale is diversified into different

classification systems according to different focuses. Wu
et al. (2006) proposed a three-tiered conceptualisation of
scale that organized the scale definitions into a conceptual
hierarchy that consisted of dimensions, kinds and scale

Fig. 2 Simulated data sets.

Table 2 Information of the simulated data sets for the simulation experiment

Data set Spatial pattern type Density Map size Aggregated unit size

(a) regular 0.2 250 � 250 \

(b) random 0.5 250 � 250 \

(c) aggregated 0.5 250 � 250 9

(d) aggregated 0.5 250 � 250 25

(e) aggregated 0.5 150 � 150 25

(f) aggregated 0.2 250 � 250 25
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components. The scale can be divided into phenomenon,
observation, analysis and modeling scales (Wu and Li,
2009). The investigation on spatial objects is conducted at
certain scales (i.e. characteristic scales), and the regularity
of the spatial objects can be assessed and easily interpreted
by selecting the proper observation, analysis or simulation
scales. In fact, the spatial pattern and process can be
described only when the observation and analysis scales
consist of the characteristic scale.

2.2.2 Lacunarity and LVI

Several methods for calculating lacunarity have been
developed. Gefen et al. (1984) proposed different methods
for calculating lacunarity, which were improved subse-
quently by Lin and Yang (1986). Allain and Cloitre (1991)
introduced a gliding box algorithm for calculating
lacunarity, which was the most widely used method. This
algorithm sets an r � r box at the upper left corner,
calculates the mean and variance of the data in the box,
moves the box from left to right and then calculates the
mean and variance of the data in the new box position. The
process is repeated until the entire map is covered. The
lacunarity algorithm can be defined as

ΛðrÞ ¼ S2s ðrÞ
S
2ðrÞ

þ 1, (1)

where ΛðrÞ is the lacunarity value when the moving box’s
size is r; SðrÞ and S2s ðrÞ are the mean and variance of the
number of sites per box, respectively.
The lacunarity value will change with the moving box’s

size. However, a single lacunarity value is meaningless and
incomparable, whereas the lacunarity values of a series of
boxes can offer abundant information. In lacunarity
analysis, lnðrÞ and lnðΛðrÞÞ are selected as the abscissa
and ordinate, respectively. Subsequently, the graph of
lnðΛðrÞÞ-lnðrÞ. is plotted. The pattern type of the analysis
objects can be assessed on the basis of the form of the
curve.
As previously mentioned, lacunarity analysis has many

disadvantages; hence, the proposal of LVI. LVI can be
defined as

DΛðrÞ ¼
lnΛðrÞ – lnΛðr þ 1Þ

lnΛðrÞ , (2)

where DΛðrÞ is the change rate of the lacunarity value when
the moving box’s size changes from r to r þ 1. Similar to
the lacunarity analysis, LVI analysis sets the abscissa (r)
and the ordinate (DΛðrÞ) before plotting the graph of the
difference between the two (i.e. DΛðrÞ -lnðrÞ) to obtain
adequate information.
The software package Pattern Analysis, Spatial Statistics

and Geographic Exegesis (PASSAGE) is used to calculate
the lacunarity values of the different simulated data sets,
and MATLAB is utilized to calculate the lacunarity value
using Eq. (2).

2.2.3 Classification of slopes

Slope classification has been investigated since the 1950s.
Hammond (2005) developed a manual way through
contoured maps. With the increasing availability of
commercial geographic information system (GIS) soft-
ware, Dikau et al. (1991) developed a GIS technology to
classify slopes automatically according to Hammond’s
method. In this study, the object-oriented method proposed
by Dragut and Blaschke (2006) was applied for loess slope
segmentation. First, several data layers, including profile
curvature and plan curvature, are extracted from DEMs.
Secondly, every data layer is taken as a single-band image,
and then three single-band images are combined into a
multiband image. Thirdly, on the basis of the multiband
image, the previous rules in combining the geometric
features of the slope types are adopted for image
segmentation and classification. Lastly, five kinds of
slope morphological units are segmented (Li, 2010; Zhao
et al., 2012). Table 3 shows the geometric feature of the
five identified slope types.
CL slope is often related to the negative terrain (Zhou

et al., 2010). In the Loess Plateau, CL slope is the one of
most widely distributed slope type which is formed by the
soil erosion, it can reflect the specific phase of gully
development (Cao, 1983). CL slope is one of the most
representative slope forms of the natural erosion in the
Loess Plateau. Straight slope is rare to see in the nature. LL

Fig. 3 Types of spatial pattern.
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slope is often associated with human activities, because
human habitats and agricultural activities require relatively
flat surfaces (Tarolli and Sofia, 2016). Terraces, check-
dams and other human-made structures which are widely
distributed in the Loess Plateau are divided as LL slope in
the process of slope classification (Li et al., 2020). In fact,
the study of LL slope can reflect the aggregation and
distribution of human activities to a certain extent. Due to
the different formation mechanisms, the slope patterns and
characteristic scales of CL and LL slopes may be different.
Therefore, CL and LL slope were selected as research
objects in this study, and their slope patterns and
characteristic scales were detected by using lacunarity
and LVI analysis.

3 Results

3.1 Simulation experiment

The experiment combined different data sets (Fig. 2) to
validate the function of LVI in the spatial pattern analysis.

Data sets (a), (b) and (c) were combined to validate the
function of LVI in distinguishing the basic pattern types;
data sets (c) and (d), which possess similar distribution
patterns but different characteristic scales, are used to
validate if the LVI can detect the characteristic scales of
each pattern; data sets (d) and (e) are used to verify if the
map size influences the LVI in detecting the characteristic;
and data sets (d) and (f) are combined to determine if the
density of the studied objects will affect the performance of
LVI in detecting the characteristic scale.
Unlike that of the regular patterns, where the LVI value

can be set as 0, the denominator of the lacunarity value
cannot be 0. The calculated lacunarity value (logarithm)
and LVI are used as the ordinate coordinates, whereas the
window size (logarithm) is used as the abscissa coordi-
nates. The change trend of the lacunarity value and LVI
with respect to the change in the analysis window is
illustrated in Fig. 4.
Figures 4(a)–4(f) are the lacunarity analysis results of

the six simulated data sets, Figs. 4(g)–4(l) are the LVI
analysis results. The difference in the results of the two
methods for the six simulated data sets are distinct. Figures

Table 3 Geometric feature of the five slope types (ND means no definition)

Slope type Slope form Schematic diagram Geometric feature

Plan curvature Profile curvature

Straight slope LL slope �0 �0

Convex slope VV slope > 0 > 0

VL slope �0 > 0

Concave slope CC slope < 0 < 0

CL slope �0 < 0
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4(a) and 4(g) are the lacunarity analysis result and LVI
analysis result of the regular pattern respectively.
Figure 4(a) shows that the lacunarity value decreased to
zero in small decrements as the box size increased although
with a rather small bounce. Whereas Fig. 4(g) shows that
the LVI value vibrated with a larger range and the zero
value indicated the characteristic scale in the regular
pattern. Figures 4(b) and 4(h) show that the lacunarity and
LVI analyses’ results for the random pattern are similar,
except in terms of the curvature. The curve of the Fig. 4(b)
is concave, whereas that of the Fig. 4(h) is more linear. The
difference in the results for the different types of
aggregated pattern is noticeable. The lacunarity analyses
of the four different aggregated patterns followed an S-
shape. Although the four patterns are different from one
another, only minimal differences are observed in the
corresponding curves. All LVI curves have a single peak,
which indicated the characteristic scales in the pattern. The
characteristic scale of pattern (c) is 3, whereas those of
pattern (d), (e) and (f) are 5, which are the ordinal of peak
points. The abscissa of the peak in Fig. 4(i) is different
from Figs. 4(j), 4(k) and 4(l), indicates that LVI can detect
the characteristic scale.
The differences among Figs. 4(c)–4(f) are not large,

while the differences among Figs. 4(i)–4(l) are large,

indicating that the LVI analysis is sensitive to the data set’s
extent and points’ density. The simulation results prove
that the LVI analysis can well identify different spatial
patterns, and detect the characteristic scales in the pattern,
which are huge improvements compared with the
lacunarity analysis.

3.2 Pattern analysis of the slopes

The segmentation process generated five types of slope.
This study selected the CL and LL slopes as the research
objects. To compare the results obtained using the two
different methods, the common lacunarity values are also
calculated. The results are displayed in Fig. 5.
The lacunarity and LVI analyses’ results of the Suide

area are shown in Figs. 5(a) and 5(b), respectively.
Figure 5(a) shows that the two slope types exhibit an
aggregated pattern. Given that the lacunarity value is 1/P
when the size of the box is equal to the grain of the map,
where P is the density of the study objects, the CL slope
covered more area in Suide than the LL slope. Figure 5(b)
indicates that both slope types have characteristic scales
because of the existence of the distinct peaks in the curve.
The characteristic scales of the LL and CL slope are 85 m,
but densities of the two slope types are different. For the

Fig. 4 Analysis results of the lacunarity value and LVI.
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Ganquan area, the analysis results are similar to that of the
Suide area, except that the characteristic scales of the two
slope types are 80 m. The analysis results for the Yijun area
is complicated. The lacunarity analysis shows that the
density of the CL slope is larger than that of the LL slope,
but the characteristic scale of the former (65 m) is smaller
than that of the latter (80 m). This phenomenon can be

explained as follows. Although the CL slope covered more
area than the LL slope, and the former is more fragmented
than the latter. In other words, compared with the LL slope,
the CL slope is aggregated with small areas, which makes
the corresponding characteristic scale small. The differ-
ence between the two slope types is clearly illustrated in
Fig. 6; dark areas in Figs. 6(a) and 6(b) represent the CL

Fig. 5 Lacunarity and LVI analysis.
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and SL slopes, respectively. According to the figure, the
LL slope is more aggregated than the CL slope.

4 Discussion and conclusions

Lacunarity analysis is crucial in exploring the spatial
pattern and distribution of geography objects. Although
common lacunarity analysis can judge if the spatial pattern
is regular, random and aggregated, this method cannot
provide additional information, especially for the aggre-
gated pattern. In addition, this analysis cannot detect the
characteristic scales of the spatial patterns. Therefore, this
study proposed a new index called LVI, which can be
easily calculated on the basis of the lacunarity value. The
calculations in LVI is easier than those in other spatial
pattern analysis methods.
This study used six kinds of simulation data sets to

verify the superior efficiency of LVI analysis over the
common lacunarity analysis. The experiment results
showed that the former can easily distinguish the types
of spatial patterns from the form of the curves. Further-
more, for the aggregated pattern, the LVI analysis can
detect the characteristic scales from the data accurately.
The results from analyzing different kinds of aggregated
pattern data (e.g. changing the extent of the study area,
study object’s density and aggregation intensity) showed
that the LVI analysis can avoid the influence of the factors.
This study selected three sample areas, namely, Suide,

Ganquan and Yijun, to evaluate the application of LVI. The
high-resolution DEMs are used as the basic data. An
object-oriented method was applied for the detection of
loess slope pattern and its characteristic scale. Subse-
quently, the spatial pattern of the CL and LL slope in the
three test areas are investigated using LVI. The analysis
results show that both slopes display an aggregated pattern

and have characteristic scales. The characteristic scales of
the CL and LL slopes for Suide and Ganquan are 85 m and
80 m, respectively, whereas those for Yijun are 65 m and
80 m, respectively. This study used LVI to analyze slope
patterns, and it has the potential to be applied in the field of
ecology and other sciences.
LVI analysis has its advantages, but it is not perfect.

First, unlike the lacunarity analysis curve, LVI loses the
density information of the study objects. However, the
density is easier to obtain than the characteristic scales. LVI
can still serve as a support for the common lacunarity
analysis. Second, no matter lacunarity analysis or LVI,
they are based on the classification of three categories of
spatial pattern. If the pattern is aggregated, it is of interest
to determine the sizes and characteristic scales of the
clumps and their density. If the pattern is regular, it is of
interest to know the characteristics of the spacing and its
variability. If the analysis suggests that the pattern is
random, is it possible to evaluate the characteristics of that
randomness and to distinguish patterns that truly are
random? (Dale, 2000) This is the problem that the whole
spatial pattern analysis face. Third, LVI is proposed on the
basis of lacunarity analysis. Although it can show the
additional information of aggregated pattern which
lacunarity analysis cannot do, it still inherits other defects
of lacunarity analysis. Dale (2000) suggested that estimates
of scales of pattern identified by lacunarity cannot
consistently detect known features in multi-scaled patterns.
Lacunarity looks at only one block at a time, therefore
losing information on the spatial relationship between
blocks of high density and blocks of low density (Saunders
et al., 2005). In application experiment, LVI improves its
interpretation and makes the differences between the
results for different slope patterns more obvious. Even
with this modification, however, LVI does not give results
from which the characteristics of the slope patterns can be

Fig. 6 CL (a) and LL slopes (b) of Yijun

Ziyang DAI et al. Extraction of LVI for revealing the slope pattern in the Loess Plateau 103



easily deduced. LVI is a good complement to the lacunarity
analysis and spatial pattern analysis, and is also effective in
the exploration of slope pattern, but this does not mean that
LVI can completely replace other methods. For example,
wavelet analysis cannot detect the distributions of regular
and random. In contrast to lacunarity, it can indicate both
the scales of patchiness and positions in space or time
(Dale and Mah, 1998). It emphasized the importance of
using multiple methods including LVI to examine
information of patterns.
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