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Abstract: In general, analysis of mountains is often performed at singular scales of measurement.

However, analysis of a location at multiple scales allows for a greater amount of information to be

extracted from a DEM about the spatial characteristics of a feature. Hence, the variation in the spatial

resolution over which mountains are defined has been used by a number of researchers as the basis

to perform the characterization of mountains. This study is aimed at analyzing the behavior of

important landform metrics of mountains extracted from multiscale DEMs. Landform metrics refer to

indices used to characterize the geometric and spatial properties of categorical map patterns

represented at singular scales. While there are hundreds of landform metrics, this study concentrates

on nine metrics that are commonly used to characterize landform spatial patterns. Several important

observations are made from the results of this investigation. First, variation of scale can lead to

considerable differences in the values of the landform metrics. Second, the effects of the variation of

scale tend to exhibit three general patterns; monotonic increase, monotonic decrease and erratic. With

increasing scales, the compositional metrics, patch density PD, largest patch index LPI, edge density

ED, degree of cohesion C and patch cohesion PC, showed a consistently decreasing trend, indicating,

in general, that the fragmentation of the extracted mountains increases with increasing scale. The

configurational metrics, mean shape index MSI, area weighted mean shape index AWMSI and

parameter-area fractal dimension PAFD , showed a consistently increasing trend, indicating that the

complexity of the shape of the extracted mountains increase with increasing scales. The only metric

that did not show a clear directional change pattern was inner edge density IED, indicating that it is

not a suitable metric for multiscale analysis. Third, the plots for most of the metrics have linear

regressions with high coefficients of determination, indicating that the variances of these metrics are

largely due to the variance of scale, rather than from other factors. This study highlights the need for

multiscale analysis in order to adequately characterize landform heterogeneity, and provides insights

into scaling of landform patterns.

Key words: multiscale digital elevation models (DEMs); lifting scheme; mountains; landform metrics;
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INTRODUCTION

Mountains are the portions a terrain that are sufficiently elevated above the surrounding land (greater than

300 to 600m) and have comparatively steep sides. In a mountain, two parts are distinctive:

1. The summit, the highest point (the peak) or the highest ridges

2. The mountainside, the part of a mountain between the summit and the foot (Bates, R.L. and J.A. Jackson,

(Eds.), 1987). 

The mapping of mountains is generally performed manually through fieldwork and visual interpretation

of topographic maps that is time consuming and labor intensive. In recent times, extraction techniques have

evolved from manual through computer assisted to automated methods with DEMs as the input data. In seeking

the efficient extraction of mountains from DEMs, various algorithms have been proposed (Graff, L.H. and E.L.

Usery, 1993; Miliaresis, G. and D.P. Argialas, 1999; Miliaresis, G., 2000).

Scale variations can constrain the detail with which information can be observed, represented and analyzed.

Changing the scale without first understanding the effects of such an action can result in the representation
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of patterns or processes that are different from those intended (Dinesh, S., 2006; Lam, N. and D. Quattrochi,

1992; Goodchild, M.F. and D.A. Quattrochi, 1997; Lam, N., D. Catts, 2004).  Hence, feature detection and

characterization often need to be performed at different of scales measurement.  Wood (1996) showed that

analyses of a location at multiple scales allow for a greater amount of information to be extracted from a DEM

about the spatial characteristics of a feature. The term scale refers to combination of both spatial extent and

spatial detail or resolution (Goodchild, M.F. and D.A. Quattrochi, 1997; Tate, N. and J. Wood.). A number

of research efforts have been conducted to characterize mountains (Dinesh, S. and M.H.A. Fadzil, 2007;

Dinesh, S. and M.H.A. Fadzil, 2007; Dinesh, S., 2007; Dinesh, S., 2007; Dinesh, S., 2007; Dinesh, S., M.H.A.

Fadzil and S.A. Vijanth, 2008) using the variation in the spatial resolution over which mountains are defined.

This study is aimed at analyzing the important landform metrics of mountains extracted from multiscale

DEMs. Landform metrics refer to indices used to characterize the geometric and spatial properties of

categorical map patterns represented at singular scales. The development of landform metrics has been given

emphasis by many researchers in order to develop methods to quantify landform patterns (O’Neill, R.V., J.R.

Krummel, 1988; Turner, M.G., 1990; Turner, M.G. and R.H. Gardner (Eds), 1991; Baker, W.L. and Y. Cai,

1992; McGarigal, K. and B.J. Marks, 1995; Riitters, K.H., R.V. O'Neill, 1995; Frohn, R.C., K.C. McGwire,

1996; Haines-Young, R. and M. Chopping, 1996; McGarigal, K., S.A. Cushman, 2002), which is considered

a prerequisite to the study of pattern-process relationships (O’Neill, R.V., J.R. Krummel, 1988; Turner, M.G.

and R.H. Gardner (Eds), 1991; McGarigal, K. and B.J. Marks, 1995; Riitters, K.H., R.V. O'Neill, 1995; Saura,

S. and J. Martinez-Millan, 2001; Neel, M. C., K. McGarigal, 2004; Saura, S., 2004; Huang, C, E.L. Geiger,

2006). This has resulted in the development of literally hundreds of landform metric indices. There is,

therefore, increasing interest in summarizing the landform metric indices that are relevant to the phenomena

under study, using quantitative metrics which allow for an objective comparison of patterns in spatial or

temporal scales. The spatial features of interest may be those relating to fragmentation, complexity, and size

and shape of landform patches. 

This study is motivated by the lack of proper understanding of landform metric behavior in response to

variation in spatial resolution, which can lead to erroneous interpretations (Saura, S., 2004; Turner, M.G.,

R.V.O’ Neill, 1989; O’Neill, R.V., C.T. Hunsaker, 1996; Cain, D.H., K. Riiters, 1997; Wu, J., 2004; Wu, J.,

2007). For the practical application of landform metrics, it is generally recommended not comparing the values

of the indices when they have been measured at different scales (McGarigal, K. and B.J. Marks, 1995; Saura,

S., 2004; Wu, J., 2007). Further studies are needed as the lack of comparability across scales seriously limits

the potential usefulness of landform metrics

2 The Global Digital Elevation Model of Great Basin:

The DEM in Figure 1 shows the area of Great Basin, Nevada, USA. The area is bounded by latitude 38°

15’ to 42° N and longitude 118° 30’ to 115° 30’W. The DEM was rectified and resampled to 925m in both

x and y directions. The DEM is a Global Digital Elevation Model (GTOPO30) and was downloaded from the

USGS GTOPO30 website (http://edcwww.cr.usgs.gov/landdaac/gtopo30/gtopo30.html). GTOPO30 DEMs are

available at a global scale, providing a digital representation of the Earth’s surface at a 30 arc-seconds

sampling interval. The land data used to derive GTOPO30 DEMs are obtained from digital terrain elevation

data (DTED), the 1-degree DEM for USA and the digital chart of the world (DCW). The accuracy of

GTOPO30 DEMs varies by location according to the source data. The DTED and the 1-degree dataset have

a vertical accuracy of + 30m while the absolute accuracy of the DCW vector dataset is +2000m horizontal

error and +650 vertical error (Miliaresis, G.C. and D.P. Argialas, 2002).

3 Generation of Multiscale DEMs Using the Lifting Scheme:

In this paper, multiscaling is performed using the lifting scheme (Sweldens, W., 1996; Sweldens, W.,

1997). The lifting scheme is a flexible technique that has been used in several different settings, for easy

construction and implementation of traditional wavelets and of second generation wavelets, such as spherical

wavelets. Although the lifting scheme has proven to be a powerful multiscale analysis tool in image and signal

processing (Claypoole, R.L. and R.G. Baraniuk, 2000; Starck, J.L., 2002), it is rarely used for multiscale

analysis in GIS applications. Lifting consists of the following three basic operations:

Step 1: Split

eThe original data set x[n] is divided into two disjoint subsets, even indexed points x [n]=x[2n], and odd

0indexed points x [n]=x[2n+1].
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Fig. 1: The GTOPO30 DEM of Great Basin. The elevation values of the terrain (minimum 1005 meters and

maximum 3651 meters) are rescaled to the interval of 0 to 255 (the brightest pixel has the highest

elevation).  The scale is approximately 1:3,900,000.

Step 2: Predict

The odd and even subsets are often highly correlated. This correlation structure typically local and hence,

0 eit is possible to accurately predict the wavelet coefficients d[n] as the error in predicting x [n] from x [n] using

the prediction operator P:

                                     (1)

where

                                                          (2 )

Step 3: Update

Scaling coefficients c[n] that represent a coarse approximation to the signal x[n] are obtained by combining

ex [n] and d[n]. This is accomplished by applying an update operator U  to the wavelet coefficients and adding

eto x [n]:

                                  (3 )

where

                                  (4 )

These three steps form a lifting stage. The lifting scheme scans 2D images row-by-row. Using a DEM

ras the input, an iteration of the lifting stage generates the complete set of multiscale DEMs c [n] and the

relevation loss caused by the change of scale d [n].

Multiscale DEMs of the Great Basin region are generated by implementing the lifting scheme on the DEM

of Great Basin using scales of 1 to 20. As shown in Figure 2, as the scale increases, the merging of small

regions into the surrounding grey level regions increases, causing removal of fine details in the DEM. As a

result, the generated multiscale DEMs possess lower resolutions at higher degrees of scaling.

4 Mountain Extraction:

The mountains of the generated multiscale DEMs are extracted using the mathematical morphological

based algorithm proposed in Dinesh (2006). First, ultimate erosion is performed on the DEM to extract the

peaks of the DEM. Conditional dilation is performed on the extracted peaks to obtain the mountains of the

DEM. As shown in Figure 3, the merge of small regions into the surrounding grey level regions and removal

of fine detail in the DEM cause a reduction in the area of the extracted mountains.



Aust. J. Basic & Appl. Sci., 3(4): 3997-4010, 2009

4000

Fig. 2: Multiscale DEMs generated using scales of (a) 1 (b) 3 (c) 5 (d) 10 (e) 15 (f) 20.

5 Analysis of Landform Metrics:

In this study, the behavior of nine landform metrics of the mountains extracted from the multiscale DEMs

is analyzed. These metrics were selected because they are commonly used to characterize landform spatial

patterns (Turner, M.G., 1990; Haines-Young, R. and M. Chopping, 1996; Neel, M. C., K. McGarigal, 2004;

Huang, C, E.L. Geiger, 2006; Ripple, W.J., G.A. Bradshaw, 1991; Luque, S.L., R.G. Lathrop, 1994). No single

metric can capture the full complexity of the spatial arrangement of landform patches (in the case of this study,

distinct individual mountains objects), and so, a set of metrics is often required (Dale, H.V., H. Offerman,

1995). Other landform metrics are also available, but they are usually combinations of the previous ones or

measure the same aspect of landform pattern, being highly correlated between them (Riitters, K.H., R.V.

O’Neill, 1995; Hargis, C.D., J.A. Bissonette,  1998). The nine analyzed landform metrics are:
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Fig. 3: Mountains (the pixels in white) extracted from the corresponding multiscale DEMs in Figure 2.

Patch Density PD:

          (5 )

where NP is the number of mountain objects in the terrain, and M  and N are the height and width of the

terrain, respectively. M•N is the area of the terrain. PD can theoretically vary between 0 and 1000 because the

maximum number of mountain objects that can appear in the terrain is M•N. PD can be used as a

fragmentation index (Turner, M.G. and C.L. Ruscher, 1988), with higher PD values indicating greater

fragmentation. 
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Largest Patch index LPI:

Calculated as the percentage of map area occupied the largest size mountain object (McGarigal, K. and

B.J. Marks, 1995). The size of the largest landform patch in a terrain may limit or affect several endogenic

and exogenic geomorphological processes (Forman, R.T.T., 1995). 

Edge Density ED:

          (7 )

where EL is the total edge length of all mountain objects in the terrain; edges are defined as any shared side

between two pixels belonging to different classes (in this case, the mountain and non-mountain classes).

                                             is  the  maximum  edge length that can appear in the terrain, and

hence, ED  can range between 0 and 100. ED is good indicator of pattern fragmentation (Li. H, J.F. Franklin,

1993), with more fragmented landforms yielding higher values of ED.

Inner Edge Density IED:

           (8 )

where IEL is the total inner edge length of all mountain objects of interest; inner edges are defined as those

edges that are completely surrounded by mountain class pixels (McGarigal, K. and B.J. Marks, 1995). IED

measures the presence of holes in the mountain objects, and is expressed as a percentage with respect to the

maximum edge length can appear in the terrain. In general, IEL � EL, and values for IEL are expected to be

nearer to 0 than to 100. 

Patch Cohesion PC:

                      (9 )

i i  where p  and a are, respectively, the perimeter and the area of each mountain object. PC has a minimum value

of 0 when all mountain objects are confined to single isolated pixels, and a maximum value of 1 when every

pixel is included in a single mountain object that fills the terrain (Schumaker, N.H., 1996).

Degree of Cohesion C:

                 (10)

C is defined as the probability that two randomly chosen points in the terrain are situated in the same mountain

object (Jaeger, J.A.G., 2000). Lower values of C indicate increased fragmentation. Large mountain objects

contribute to the increase in of the total probability, as indicated by the squared terms in Equation 10. In

particular, if the largest mountain object occupies a high percentage of total class area, the contribution of the

rest of the mountain objects to Equation 10 becomes minor. Hence, C may be highly correlated with LPI. 

Mean Shape Index MSI:

      (11)
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Average Weighted Mean Shape Index (AWMSI):

      (12)

Both MSI and AWMSI are intended to measure the irregularity or complexity of shapes in the pattern, and

they attain their minimum value of 1 for perfect square shapes. AWMSI uses mountain object area as a

weighting factor because larger mountain objects are assumed to have more effect on overall landform structure

(Saura, S. and J. Martinez-Millan, 2001; Li. H, J.F. Franklin, 1993; Schumaker, N.H., 1996). 

Perimeter-Area Fractal Dimension PAFD:

Fractal dimension is a descriptor of the geometrical properties of objects that have an invariant scaling

behavior under certain transformations (Mandelbrot, B.B., 1982). It was reported in Feder (1988) that the

perimeters and areas of a set of objects with similar shapes obey the following relation:

           (13)

where k is a constant of proportionality, and PAFD  is the perimeter-fractal dimension of the set of similar

shapes. Assuming self-similarity, PAFD  is estimated as twice the slope of fitted line of the log-log of p against

a for each of the mountain objects. PAFD  theoretically ranges between 1 and 2, with higher values indicating

more complex shapes (O’Neill, R.V., J.R. Krummel, 1988; Turner, M.G., 1990; Frohn, R.C., K.C. McGwire,

1996; Dale, H.V., H. Offerman, 1995).

PD, LPI, ED, IED, PC and C are compositional landform metrics, which quantify features associated with

the variety and abundance of landform patch types within the terrain, without considering spatial character, of

patches within the terrain. Compositional landform metrics are mainly aimed at quantifying landform

fragmentation (McGarigal, K. and B.J. Marks, 1995; McGarigal, K., S.A. Cushman, 2002).

MSI, AWMSI and PAFD  are configurational metrics, which quantify the spatial character, arrangement,

position and orientation of patches within the terrain. Some aspects of configuration are measures of the spatial

character of the patches themselves, even though the aggregation may be across patches. The spatial pattern

being represented is the spatial character of the individual patches. The location of patches relative to each

other is not explicitly represented. Configurational metrics are mainly aimed at quantifying the complexity and

irregularity of the shapes of landform patches   (McGarigal, K. and B.J. Marks, 1995; McGarigal, K., S.A.

Cushman, 2002).

RESULTS AND DISCUSSION

The ten landscape metrics are computed for the mountains extracted from the multiscale DEMs (Figure

4). It is observed that the values of the landform metrics changed considerably with increasing scale. Two

general response patterns emerged: increase and decrease. With increasing scales, the compositional metrics,

PD, MPS, LPI, ED, IED, C and PC, showed a consistently decreasing trend, indicating, in general, that the

fragmentation of the extracted mountains increases with increasing scale. The configurational metrics, MSI,

AWMSI and PAFD , showed a consistently increasing trend, indicating that the complexity of the shape of the

extracted mountains increase with increasing scales. The only metric that did not show a clear directional

change pattern was IED. All the plots (except for IED) have linear regressions with high coefficients of

determination R , indicating that the variances of these parameters are largely due to the variance of scale,2

rather than from other factors. 

Patch Density PD (Figure 4(a)):

It is observed that observed that PD increases as the scale increases from 1 to 3. This occurs as the

increase in scale results in larger mountain objects breaking into smaller mountains objects, resulting in a larger

number of mountains objects, and hence, a higher value of PD. As the scale is further increases, the number

of mountain objects reduces, resulting in a decrease in PD. 
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Fig 4(a):

Fig 4(b):

Fig 4(c):
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Fig 4(d):

Fig 4(e):

Fig 4(f):
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Fig 4(g):

Fig 4(h):

Fig 4(i):

Fig. 4: The computed landform metrics of the mountains extracted from the multiscale DEMs: (a) patch

density PD   (b) largest patch index LPI  (c) degree of cohesion C (cd edge density ED  (e) inner

edge density IED  (f) patch cohesion PC  (g) mean shape index MSI  (h) average weighted mean
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shape index AWMSI (i) perimeter-area fractal dimension PAFD .

Largest Patch index LPI (Figure 4(b)):

The breaking of larger mountain objects breaking into smaller mountain objects results in LPI showing

a drastic reduction as the scale increases from 1 to 3. As the scale is further increased, the reduction in area

of the largest mountain object, and hence the LPI values, is more gradual.

Edge Density ED (Figure 4(c)):

As the scale is increased, the rough edges of the extracted mountains is smoothed, resulting in a reduction

of total edge length, and hence, a reduction in ED.

Inner Edge Density IED (Figure 4(d)):

It is observed that IED increases when the scale is increased from 1 to 9 due the increasing areas of holes

in the extracted mountains. As the scale is further increased, the areas of holes in the extracted mountains

decreases, resulting in IED decreasing. 

Patch Cohesion PC (Figure 4(e)):

Degree of Cohesion C (Figure 4(f)):

PC and C are measures of landform connectivity, which is defined by Taylor et al. (1993) as the degree

to which the landform facilitates or impedes movement among patches. As the scale is increased, the separation

between the individual mountain objects increase, resulting in the reduction of mountain object connectivity,

and hence, PC and C decreases.

Mean Shape Index MSI (Figure 4(g)):

Average Weighted Mean Shape Index AWMSI (Figure 4(h)):

It is observed that MSI and AWMSI decrease as the scale is increased from 1 to 3. This occurs as the

breaking of larger mountain objects into smaller mountain objects results in the mountain objects having more

regular shapes. Bigger landform patches tend to be more complex in shape (Krummel, J.R., R.H. Gardner,

1987), and hence as the scale is increased from 4 to 20, the smaller mountain objects are progressively

removed, and MSI and AWMSI increase. AWMSI is observed to be more sensitive to shape irregularity as

compared to MSI. The limitation of MSI is that it gives equal weight to all mountains objects; smaller

mountain objects tend to have lower shape indices while larger mountain objects tend to have higher shape

indices. The limitation of MSI is avoided by AWMSI, which uses the mountains objects’ areas as a weighting

factor, because larger mountain objects are considered to be more relevant in pattern from both a structural

and geomorphological point of view (Li. H, J.F. Franklin, 1993; Schumaker, N.H., 1996).

Perimeter-Area Fractal Dimension PAFD (Figure 4(i)):

It is observed that PAFD  increases as the scale is increased from 1 to 2. This occurs as the breaking of

larger mountain objects into smaller mountain objects results in an increase in overall mountain perimeter. As

the scale is increased from 2 to 5, PAFD  decreases as the smoothing of the mountains’ rough edges results

in a decrease in overall mountain perimeter. As the scale is increased from 5 to 20, the smaller mountain

objects are removed, leaving behind mountain objects, which have more complex shapes, resulting in an

increase in overall mountain perimeter, and hence PAFD  increases.

7 Conclusion:

This study was aimed at analyzing the behavior of landform metrics of mountains extracted from

multiscale DEMs. Several important conclusions can be drawn from the results of this investigation. First,

variation of scale can lead to considerable differences in the values of the landform metrics. Second, the effects

of the variation of scale tend to exhibit three general patterns; monotonic increase, monotonic decrease and

erratic. With increasing scales, the compositional metrics, PD, LPI, ED, IED, C and PC, showed a consistently

decreasing trend, indicating, in general, that the fragmentation of the extracted mountains increases with

increasing scale. The configurational metrics, MSI, AWMSI and PAFD , showed a consistently increasing trend,

indicating that the complexity of the shape of the extracted mountains increases with increasing scales. The

only metric that did not show a clear directional change pattern was IED, indicating that it is not a suitable

metric for multiscale analysis. Third, the plots for all of the metrics, except IED, have linear regressions with

high coefficients of determination, indicating that the variances of these metrics are largely due to the variance
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of scale, rather than from other factors. This study highlights the need for multiscale analysis in order to

adequately characterize landform heterogeneity, and provides insights into scaling of landform patterns.
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