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Landslide inventory maps are fundamental for assessing landslide susceptibility, hazard, and risk. In tropical
mountainous environments, mapping landslides is difficult as rapid and dense vegetation growth obscures land-
slides soon after their occurrence. Airborne laser scanning (ALS) data have been used to construct the digital ter-
rain model (DTM) under dense vegetation, but its reliability for landslide recognition in the tropics remains
surprisingly unknown. This study evaluates the suitability of ALS for generating an optimal DTM for mapping
landslides in the Cameron Highlands, Malaysia. For the bare-earth extraction, we used hierarchical robust filter-
ing algorithm and a parameterization with three sequential filtering steps. After each filtering step, four interpo-
lations techniques were applied, namely: (i) the linear prediction derived from the SCOP++ (SCP), (ii) the
inverse distance weighting (IDW), (iii) the natural neighbor (NEN) and (iv) the topo-to-raster (T2R). We
assessed the quality of 12 DTMs in two ways: (1) with respect to 448 field-measured terrain heights and (2)
based on the interpretability of landslides. The lowest root-mean-square error (RMSE) was 0.89 m across the
landscape using three filtering steps and linear prediction as interpolation method. However, we found that a
less stringent DTM filtering unveiled more diagnostic micro-morphological features, but also retained some of
vegetation. Hence, a combination of filtering steps is required for optimal landslide interpretation, especially in
forestedmountainous areas. IDWwas favored as the interpolation technique because it combined computational
times more reasonably without adding artifacts to the DTM than T2R and NEN, which performed relatively well
in the first and second filtering steps, respectively. The laser point density and the resulting ground point density
after filtering are key parameters for producing a DTM applicable to landslide identification. The results showed
that the ALS-derived DTMs allowedmapping and classifying landslides beneath equatorial mountainous forests,
leading to a better understanding of hazardous geomorphic problems in tropical regions.

© 2013 Elsevier B.V. All rights reserved.
1. Introduction

Landslides have been recognized as important geomorphic processes
which form a major landscape component of the humid tropical moun-
tain environments (Thomas, 1994). In such areas, landslides may
damage physical structures and cause loss of lives. In Southeast Asia,
landslides occur frequently in areaswith steep hillslopes, high rainfall in-
tensities, seasonally dry periods, and unstable soils, which obstruct
managing upland forests and agricultural lands (Douglas, 1999; Sidle
and Ochiai, 2006).

Landslide inventory mapping is routinely done based on (i) visual
monoscopic or stereoscopic aerial or satellite image interpretation, (ii)
sia, UTM Razak School of Engi-
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automated or semi-automated classification of satellite imagery based
on spectral and topographic characteristics, (iii) field investigation,
(iv) historical records, (v) visual interpretation of shaded relief images
derived from airborne laser scanning (ALS) data, and (vi) radar interfer-
ometry (Van Westen et al., 2008; Guzzetti et al., 2012). Field mapping
yields greater accuracy if aided by GPS and sophisticated instrumenta-
tion such as a laser rangefinder binocular (Santangelo et al., 2010),
but has limitations in terrain coverage and is time consuming as well
as expensive (Haneberg et al., 2009; Santangelo et al., 2010). Image
analysis using aerial photographs, optical satellite, and radar images
can efficiently cover a large area but results in poor mapping of land-
slides in rugged forested terrain (Fookes et al., 1991; Wills and
McCrink, 2002; Brardinoni et al., 2003; Van Den Eeckhaut et al., 2007;
Razak et al., 2011).

In a tropical environment, landslide mapping for large areas is diffi-
cult because the landslides are covered by dense multi-storey forest
canopies and the weather conditions (cloudy and rainy) are often
airborne laser scanning data for landslidemapping in a tropical forest
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unfavorable for optical remote sensing. Landslides under tropical for-
ests are rapidly covered by vegetation regrowth. Hence, soon after
their occurrence the evidences of landslides are obscured in optical im-
ages. The lack of reliable landslide inventory maps hampers the assess-
ment of landslide hazard and risk, which may subsequently complicate
the implementation of mitigation measures. Therefore, it is essential to
test and evaluate new tools formapping the location and extent of land-
slides beneath dense vegetation in the tropics.

ALS is one of themost important geospatial data acquisition technol-
ogies that have been introduced recently (Petrie and Toth, 2008). ALS
has revolutionized the acquisition of terrain data because it can collect
explicit topographic data overwide areas at an unprecedented accuracy
within a relatively short time.With its ability to penetrate the space be-
tween forest foliage to the ground and its independence of solar inci-
dence, ALS is superior over passive optical (e.g. aerial-photograph and
satellite images) and active radar sensors (e.g. interferometric synthetic
aperture) for generating a high-resolution digital terrain model (DTM)
in forested terrain (Kraus and Pfeifer, 1998; Hodgson et al., 2003;
Kraus, 2007; Razak et al., 2011).

The essential step towards DTM generation is the classification of
ground points and non-ground points (e.g. buildings and trees). It is
also known as the filtering process which is important because the
extracted point clouds have a direct impact on the quality of the DTM
and derived products (Razak et al., 2011). Although humans are cogni-
tively able to identify points representing the ground surface, the man-
ual or semi-automatic filtering is not practically feasible for large point
clouds. Despite the availability of automated filtering algorithms, a
number of difficult scenarios are reported, such as dense vegetation
on slopes, high surface roughness, preservation of sharp ridges, low
vegetation, complex objects at convex slopes, and steep forested terrain
(Huising andGomes Pereira, 1998; Sithole andVosselman, 2004). These
cases are predominantly observed for recognizing landslides in tropical
environments. Therefore, the selection of an appropriate filtering algo-
rithm and its parameterization is required for such complex landscapes
(Sithole and Vosselman, 2004; James et al., 2007). So far, there have
been relatively limited studies to properly evaluate the quality of
ALS-derived DTMs in the tropics (Blair and Hofton, 1999; Hofton et al.,
2002; Clark et al., 2004; Haneberg et al., 2005), particularly for mapping
and classifying tropical landslides.

Landslide inventorymapping hasmade significant steps forward due
to the availability of ALS data, because the use of shaded relief images
created fromALS-derivedDTMs allowed amuch better recognition of di-
agnostic features for landslide interpretation, even under dense forest
(Sekiguchi and Sato, 2004; Van Den Eeckhaut et al., 2005, 2007;
Ardizzone et al., 2007; Schulz, 2007; Kasai et al., 2009; Razak et al.,
2011). However, none of these studies has examined the developed ap-
proaches of landslidemapping in tropical environmentswith a relatively
low point density.

The main objective of this study is to evaluate the potential of ALS
for generating landslide inventory maps under tropical forests in the
Cameron Highlands, Malaysia. We quantitatively and qualitatively
assessed DTMs for landslide recognition and classification. We ap-
plied three progressively stringent filters to extract ground points,
and examined four different surface interpolation methods to create
gridded DTMs. The statistical measures of vertical accuracy were
computed using field reference data based on GPS (global positioning
system) and a TS (total station) for all DTMs with respect to three dif-
ferent land-cover classes. Expert image interpreters created the land-
slide inventory maps and assessed the interpretability of the different
DTMs.

2. Study area

Themethodologywas tested in a 100 km2 study area in the Cameron
Highlands, Peninsular Malaysia (Fig. 1) for which ALS data were avail-
able. The study area is located in the Indo-Malaysian tropical rainforest
Please cite this article as: Razak, K.A., et al., Generating anoptimal DTM from
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zone, largely covered by forests where landslides have been reported,
and other areas with agriculture, and tea plantations. Peninsular Malay-
sia is subdivided in an N–S direction by the Saub-Bentong suture, divid-
ing the East Malaya terrane derived from the Gondwanaland in the
Devonian, from the Sibumasu terrane derived from Gondwanaland in
the Permian (Metcalfe, 2000). Peninsular Malaysia is in a relatively low
seismic hazard zone (Petersen et al., 2004). The current tectonic situation
is related to the subduction of the Australian plate under the Sunda plate
(withmovement of about 34 mm year−1), producing large earthquakes
along the Sumatran subduction zone and the Sumatran transform fault
(Vigny et al., 2005). Also the divergent boundary effect of the Sagaing
and Sumatra right-slip faults poses an explicit implication on the seismic
situation in Malaysia.

The district of the Cameron Highlandswith an area of about 660 km2

is located on an undulating plateau in the central part of the main range
of Peninsular Malaysia. The plateau has an average elevation of 1000 m
above sea level with peaks reaching up to 2031 m (i.e. Gunung
Berincang). Geologically the central mountain range in Peninsular
Malaysia is underlain by megacrystic biotite granites (Krahenbuhl,
1991) with some scattered outcrops of meta-sediments which are com-
posed of schists, phyllite, slate, and limestones (Chow and Zakaria,
2003). Weathering profiles in the granites can be very thick, and
road-cuts in these weathered materials present many problems related
to slope instability (Durgin, 1977; Brand, 1989; Thomas, 1994). The an-
nual rainfall is between2500 and3000 mmper year anddailymaximum
rainfall of approximately 100 mm.

Given relatively high altitudes, the temperatures of the Cameron
Highlands are lower than the rest of Malaysia, with an average daily
temperature of 23 °C and a night-time average of 10 °C (MMD, 2011).
This relatively cool temperature makes the Cameron Highlands a popu-
lar tourist destination. The forest types consist of lowland evergreen
rainforest (hill- and upper dipterocarp forest), lower montane forest
(montane oak forest), and upper montane forest (montane ericaceous
forest) (Wyatt-Smith, 1995). The undergrowth consists largely of
woody plants – seedlings and sapling trees, shrubs and young woody
climbers. The stemmed palms (e.g. Arenga westerhoutti), stemless
palms (e.g. Licuala spp.) and rattans (e.g. Calamus castaneus) are domi-
nant undergrowth in the study area. The tropical climate and rich nutri-
ents in granitic soils provide a favorable environment for agricultural
activities (e.g. vegetables, floriculture, and tea plantation), and the in-
creasingpopulation pressure has led to the clearing of the original forest
for the construction of housing estates, roads and new agricultural
areas. One of current practices is to excavate the top of ridges and to cre-
ate artificial platforms for agriculture terraces andhousing. The excavat-
ed materials are dumped along the sides of the plateaus, leading to
severe erosion and landslides.

Landslides are an increasing problem in the CameronHighlands, as a
result of human interactions such as deforestation, and terrain modifi-
cation for roads and agriculture (Douglas, 1999; Chow and Zakaria,
2003; Pradhan and Lee, 2010). Mapping and updating landslide data
are a difficult task due to the poor accessibility and the rapid revegeta-
tion of landslide areas. In the Malaysian National Slope Master Plan
2009–2023, airborne remote sensing is recommended as a tool for
collecting landslide information on a national level. Long-term records
of landslides are not complete. The first landslide in the records dates
back to December 07, 1919 (Jaapar, 2006) and from 1973 to 2007,
more than 440 landslides were reported, with about 600 fatalities.
However, thousands of minor slope failures were not properly docu-
mented (PWD, 2009).

Fig. 2 presents some field photos showing different landscapes,
with indications of landslide movements. The forested zone consists
of old-growth forests (Fig. 2A–D), with very dense vegetation, and
multi-storey canopies, as well as rejuvenated forests in locations
which might have been affected by landslides, forest fires, or illegal
deforestation activities. The upland agriculture zone (Fig. 2E–H) is
sparsely covered by woody vegetation which often indicate the
airborne laser scanning data for landslidemapping in a tropical forest
ph.2013.02.021
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Fig. 1. The study area. A) Location of the study area in the Cameron Highlands, Peninsular Malaysia. B) The district of the Cameron Highlands shown with a shaded relief map de-
rived from a 30 m ASTER GDEM. The rectangular area represents the actual study area (100 km2) with indication of land-cover types and field terrain heights. The dotted white
boxes I to V indicate the detail locations in Figs. 3, 5–8, respectively.
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breaklines resulting from the man-made terraces built for farming ac-
tivity (Fig. 2F). This zone is also occupied by plastic-covered green-
houses for vegetable and floriculture cultivation. The tea plantation
area is characterized by an undulating topography, with well man-
aged slopes, with few larger trees and a proper accessibility for
harvesting (Fig. 2I–L).
Please cite this article as: Razak, K.A., et al., Generating anoptimal DTM from
environment, Geomorphology (2013), http://dx.doi.org/10.1016/j.geomor
3. Data and methods

3.1. Airborne laser scanning

The ALS data were acquired by the Department of Survey and
Mapping of Malaysia (JUPEM) as a national pilot survey over the
airborne laser scanning data for landslidemapping in a tropical forest
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Fig. 2. Tropical landscapes in the Cameron Highlands, Malaysia. (A–D) Forested zone indicating primary forests with old-growth vegetation. Person in B indicates the scale. C and D show tilted trees caused by an earth-flow and the main
scarp of a landslide that was rapidly covered by tropical vegetation. (E–H) Agriculture zone indicating the farming terraces (vegetable and floriculture) and a recent landslide. (I–L) Tea plantation zone showing a housing estate and tea plant
on unstable terrain. Arrows indicate the direction of landslide movement.
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Table 1
Metadata for the airborne laser scanning campaign in the Cameron Highlands.

Airborne laser scanner and its
accuracy

Optech ALTM 3100; average horizontal
accuracy 0.30 m and vertical accuracy
0.20 m (one sigma) at 1200 m altitude

Inertial measurement unit (IMU)
system and its accuracy

ALTM IMU records at 200 Hz with an
accuracy of 0.015° roll/pitch and 0.03°
heading

Positional geodetic system and
its accuracy

Trimble 4000SSi records at 10 Hz with
static accuracy of 5 mm (horizontal)
and 10 mm (vertical)

Laser pulse repetition rate 100 kHz
Measurement rate Up to 100,000 pulses per second
Beam divergence Dual divergence 0.3 mrad
Laser beam footprint 0.08 m at 250 m altitude
Scan angle Up to 25°
Scanning method Oscillating plane mirrors

(saw-tooth pattern)
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Cameron Highlands in June 2004 using the Optech Airborne Laser
Terrain Mapper (Optech ALTM) 3100 (see Table 1 for details). In
this study, we used a point cloud of about 113 million points with a
mean point density of 1.83 points m−2. All the strips were projected
onto the local Malaysia Rectified Skew Orthomorphic (Malaysia RSO)
projection system (Mugnier, 2009). Pre-processing of the point cloud
eliminated isolated points such as flying birds, transmission lines, and
water droplets from low-level clouds.
3.2. Field validation of terrain height data

A total of 448 ground-surveyed terrain height points were collected
during field campaigns in July 2009 and January 2011 using a GPS
Topcon Hiper Pro and a TS Nikon DTM-352. Heights ranged between
875 and 1670 m a.s.l. Of the 448 field-measured terrain heights, 47%
was under forests, 39% in agricultural areas, and 14% in tea plantations.
We applied a purposive sampling scheme to acquire terrain reference
heights as it was neither possible to collect them randomly nor system-
atically on a regular grid due to poor accessibility of large parts of the
mountainous area. More points were selected around known landslide
locations. A combination of GPS techniques such as real-time-kinematic
(RTK), rapid-static and static observations was used depending on the
density of vegetation coverage. In areas completely covered by dense
forest, a local surveying scheme using a TSwas utilized. The average ac-
curacies for the conventional RTK-GPS and TS observations are 0.15 and
0.09 m, respectively. We used four existing permanent control stations
established by the JUPEM in order to setup several geodetic base sta-
tions for a local geodetic network within the study area. Horizontal
and vertical accuracy of the geodetic stations are on average 12 and
Table 2
A modified landslide filter parameterization for the Malaysian tropical environment. Units

Thin out step Filter step

Cell size Lower branch

Half-weight Tolerance

Basic settings: Grid resolution 1 m and mean accuracy 0.35 m

Hierarchy levels 1st scheme of point cloud processing
1 3 – 3.60
2 2 1.20 1.20
3 1 0.30 0.60

2nd scheme of point cloud processing
1 3 – 2.52
2 2 0.84 0.84
3 1 0.21 0.60

3rd scheme of point cloud processing
1 3 – 1.80
2 2 0.60 0.60
3 1 0.15 0.60

Please cite this article as: Razak, K.A., et al., Generating anoptimal DTM from
environment, Geomorphology (2013), http://dx.doi.org/10.1016/j.geomor
25 mm, respectively. The coordinates of the reference points were
projected onto the Malaysia RSO coordinate system.

3.3. ALS filtering and its parameterization

We chose the hierarchic robust interpolation (HRI) method as
implemented in the SCOP++ software (TUV, 2012) for DTM extraction
from the raw point cloud, as themethod is specifically developed for for-
ested environments (Kraus and Pfeifer, 1998). HRI was extended in a hi-
erarchical approach by Pfeifer et al. (2001). A standard HRI processing
routine required three different hierarchical levels which increase in
resolution. Four processing steps are iteratively carried out at three hier-
archical levels (pyramidal approach): (i) thinning out, (ii) filtering, (iii)
interpolation, and (iv) sorting/classification (TUV, 2012). HRI uses a lin-
ear prediction algorithm with individual accuracies for each measure-
ment. From the robust least square adjustment, a weighting function
was applied to compute weights based on the residuals. The ground
points are more likely to be below the modeled surface (a rough surface
computed with equal weights), have positive residuals, and are given a
higher weight. On the contrary, points above the modeled surface (e.g.
negative residuals) yield small weights and have less influence on the
subsequent iterations. We modified the extraction of bare-earth points
by using three sequential filtering steps instead of one. Progressively
stringent parameters were chosen following the method described by
Razak et al. (2011). For the Malaysian tropical dataset we modified the
parameterization used by Razak et al. (2011) in order to adapt to the
lower point density, the complexity of under-storey vegetation, and
the ruggedness of the terrain. We used SCOP++ settings of 1 m grid
resolution, 0.35 m for the expectedmean accuracy, and different param-
eters for the weighting function and buffer zone. A detailed parameteri-
zation for filtering used in this study is shown in Table 2. This led to four
point clouds: the raw point cloud and the extracted points after the first,
second and third filtering step.

3.4. Surface interpolation methods to create gridded DTMs

The ground points extracted at eachfilter stepwere used to generate
1-m grid DTMs using four surface interpolation techniques: (i) linear
prediction derived from the SCOP++ (SCP), (ii) inverse distance
weighting (IDW), (iii) natural neighbor (NEN) and (iv) topo-to-raster
(T2R). The derived DTMswere assessed with respect to landslide inter-
pretation in the tropics.

SCP is implemented in the SCOP++ processing modules for DTM
derivation. This interpolator is based on linear prediction also known
as linear least-square interpolation (Kraus and Mikhail, 1972). It cap-
tures the non-smooth terrain surfaces (e.g. breaklines, ridges, and
troughlines). Briese (2004) provided details on this method. IDW,
in m.

Sort out step Classify step

Upper branch Interval Buffer zone

Half-weight Tolerance

0.80 2.40 6.00 0.75
0.30 0.90 2.10 0.75
0.20 0.40 – 0.75

0.56 1.68 4.12 0.50
0.21 0.63 1.47 0.50
0.14 0.40 – 0.50

0.4 1.20 3.00 0.25
0.15 0.45 1.05 0.25
0.10 0.40 – 0.25

airborne laser scanning data for landslidemapping in a tropical forest
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NEN and T2R are implemented in the 3D Analyst extension of ESRI
ArcGIS. These interpolators were chosen to get a balance between rea-
sonable computational times and accuracy. IDWandNEN are determin-
istic interpolation methods, which are often used to derive DTMs from
ALS points in rugged forested terrain (Clark et al., 2004; Pirotti and
Tarolli, 2010; Razak et al., 2011). IDW (Isaaks and Srivastava, 1989) is
a multivariate interpolation and the computation of assigned values to
unknown points required a weighted average of the values available
at the known scattered set of points. The basic equations of IDW are
(Shepard, 1968):

p xð Þ ¼
Xn

i¼0

qi xð Þpi
∑n

j¼0qi xð Þ ð1Þ

qi xð Þ ¼ 1
d x; xið Þr ð2Þ

where p(x) is an interpolated value at a given point, x is an arbitrary
points, xi is a known value, d is a given distance in the formofmetric op-
erator from xi to x, n is the total number of known points used in the in-
terpolation, and r is a real number (positive) or known as a power
parameter.

IDW was applied using a power of 2, following Clark et al. (2004)
who also created a DTM for a tropical forested region. The number of
neighboring points was set to four to limit selection of points on a dif-
ferent morphological unit further away.

The NEN method is based on so-called area-stealing interpolation
(Sibson, 1981; Watson, 1988; Ledoux and Gold, 2004). It is a weighted
average interpolation technique that uses geometric relationships in
order to choose and weight nearby points. The points used to estimate
the value of an attribute at location x are the natural neighbors of x,
and the weight of each neighbor is equal to the natural neighbor coor-
dinates of x with respect to this neighbor (Ledoux and Gold, 2004).
The NEN method is based on Voronoi tessellation of a discrete set of
spatial points. The basic equation of the NEN method is:

f x; yð Þ ¼
Xn

i¼1

ωi f xi; yið Þ ð3Þ

where f(x,y) is the interpolated function value at (x, y), ωi are the
weights and f(xi,yi) are the known value at the i-th point (xi,yi). The
weights are computed by determining the ratios of volumes ‘stolen’
when placing (x, y) into the tessellation. This method has advantages
over the simpler interpolation methods such as nearest neighbor, and
it performs well even if the data are highly anisotropic (Ledoux and
Gold, 2004). In ESRI ArcGIS, f(x,y) are determined by finding the closest
of input to query points and applyingweights to them based on propor-
tionate areas to interpolate a value. Theweights are calculated based on
the proportion of overlap between the constructed neighboring
Voronoi (Thiessen) polygons and initial polygons. This method tends
to smooth the surface except at locations of the input samples or within
the range of samples used (Ledoux and Gold, 2004), given that the
method is data dependent and has many desirable properties as an in-
terpolation function (Sibson, 1981; Piper, 1993).

The T2R interpolator is based on the ANUDEM program developed
by Hutchinson (1989) specifically designed for generating a hydrologi-
cally correct continuous surface. This method implements a discretized
thinplate spline technique (Wahba, 1990) and has the advantages that
it follows abrupt changes in terrain, such as streams and ridges.
Hutchinson (1989) implemented a drainage enforcement technique,
which firstly identifies pits and saddles from sparse and scattered ter-
rain data. D8 technique of the steepest gradient was used to trace a
path from the neighbor to either a pit or the edge of the grid for all
the downhill neighbors around each saddle. The elevation along the
path is set to create an approximately linear descent, and then a finite
Please cite this article as: Razak, K.A., et al., Generating anoptimal DTM from
environment, Geomorphology (2013), http://dx.doi.org/10.1016/j.geomor
element interpolationmethod was used. However, the method is likely
to smooth out some prominent surface features (Hutchinson, 1989).

3.5. Quantitative assessment of ALS-derived DTMs

We quantitatively assessed the DTMs errors in two different ways.
Firstly, the vertical error was computed for each DTM by subtracting
DTM elevation from the elevation of field-measured points. Three
statistical measures of vertical accuracy were computed: root-
mean-square error (RMSE), mean-absolute error (MAE) and mean-
absolute-percentage error (MAPE) (Isaaks and Srivastava, 1989; Mayer
and Butler, 1993).

RMSE ¼ ∑ zi−ẑ ið Þ2
h i

=n
n o0:5 ð4Þ

MAE ¼ ∑ zi−ẑ ij jð Þ=n ð5Þ

MAPE ¼ 100 ∑ zi−ẑij j= zij jð Þ½ �=n ð6Þ

where zi represents the observed value, ẑ i is the predicted value, and n is
the number of pairs. RMSE provides an accuracy index at a global level
(Burrough, 1986) which can be used to estimate the effect of sampling
and interpolation errors (Wechsler and Kroll, 2006). The DTM accuracy
was further computed per slope class and per land-cover type. Secondly,
with respect to the extracted ground points at each filter step, we ana-
lyzed the spatial effect of progressive filtering by computing the height
difference between the DTMs and summarized per land-cover type.

3.6. Landslide interpretability of ALS-derived DTMs

The suitability of the different DTMs for landslide recognition was
evaluated based on visual interpretation by three expert landslide inter-
preters. They used monoscopic and stereoscopic ALS-derived shaded
relief images. Razak et al. (2011) described the methods for generating
monoscopic and stereoscopic ALS images for landslide visualization
under forest. Based on the results derived from the expert opinions, a
list of morphological features and situations was made under which
the optimal filter and associated surface interpolation has been indicat-
ed with respect to landslide mapping. Interpretability rating was de-
fined as: (i) good, (ii) fairly good, and (iii) poor, for each map. The
good rate refers to the clearest evidences of diagnostic features
appearing on the images which enabled them to distinguish the stable
and unstable terrain with confidence. In contrast, poor interpretability
yields a relatively high uncertainty to identify the landslide margins
and subsequent units. Moreover, landslide types and states of activity
are more difficult to determine. For the fairly good rate, the conditions
provide less or unclear evidence of landslide diagnostic features, al-
though the presence of slope failures can still be assumed.

The qualitative map comparison was carried out based on the diag-
nostic features identified at the three kinematic zones. The landslide
source zone (LSZ) refers to the area above the landslide scarp which is
representative for the condition in which the landslide took place. The
landslide depletion zone (LDZ) is the area below the crown of the land-
slide where the surface topography was lowered as a consequence of
mass movement. The landslide accumulation zone (LAZ) is the area
where landslide materials are deposited on top of the pre-existing sur-
face. Additional morphological features found outside these zones were
recorded under “other diagnostic geomorphological features” (OGF)
such as tectonic features and lineaments.

The image interpretation criteria are solely based on the tone, tex-
ture and pattern, which allow inferring a series of geomorphologic sig-
natures, like semicircular niches, cracks, primary and secondary scarps,
flow related morphologies, lateral channels, convex–concave profile
slopes, hummocky topography, levees, displaced materials, interrup-
tions in the drainage pattern, and disrupted roads (Wills and McCrink,
airborne laser scanning data for landslidemapping in a tropical forest
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Fig. 3. Examples of the spatial data used for qualitative assessment of landslides from ALS-derived images. The location corresponds to I in Fig. 1B. A) High-resolution satellite image
depicting the agricultural terraces up to the edge of forest and buildings. B) and G) Point density of the original and filtered ALS data, respectively. C) Shaded relief of the
ALS-derived DSM. D), E) and F) first, second and third filter images derived from the SCP-derived products, respectively. H) Tree location with indication of its height up to
58 m (in red) and crown width up to 16 m (in green). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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2002; Van Den Eeckhaut et al., 2007; Razak et al., 2011). For a complex
and large landslide, the interpreters adopted morphological criteria
rather than photographical ones (e.g. related to surface roughness and
land use pattern), such as a horse-shoe drainage pattern, debris cones
on the borders of the landslide deposit, restricted main stream valley,
and a concave–convex profile slope, which can be easily associated
with the presence of a very large mass movement.

A digital stereo on-screen interpretation was utilized at different
scales depending on the interpretability of macro- and micro-
morphological landslide features. The direction of movement of the
mapped landslides and the landslide types were indicated and classi-
fied, following the classification by Varnes (1978). For each interpreted
element, the identification certainty was indicated. The stereo images
were also used to interpret the lineaments and geological setting in
the study area.

The activity of the landslides was interpreted by evaluating the
freshness of the diagnostic features, the relationwith other visible land-
slide processes (to differentiate reactivated landslides), and by visually
comparing the stereo images of the shaded relief with stereo images of
high-resolution optical IKONOS satellite data. The IKONOS images were
taken between February and June 2001. Fig. 3 presents the available
data for the image interpreters, for the area I in Fig. 1B. The satellite
image depicts the agriculture terraces and buildings next to the edge
of the forest margin (Fig. 3A); the point density before and after the fil-
tering (Fig. 3B,G); shaded relief images of the unfiltered data after each
filtering step (Fig. 3C–F); and the tree attributes (Fig. 3H).

During the landslide interpretation, the existing landslide inventory
prepared by Pradhan and Lee (2010) was used as a reference. The com-
pilation of more than 21 years of landslide inventory resulted in a total
of 324 landslides in a study area of 293 km2 (Pradhan, 2010; Pradhan
and Lee, 2010; Pradhan et al., 2010). Fifty-five landslides were located
in our study area of 100 km2. Given the fact that this inventory was
compiled at 1:25,000 scale, we encountered considerable positional er-
rors in the location of the landslides, when overlaying them on the 1-m
resolution maps derived from our ALS analysis. We corrected these er-
rors by positioning them on the right location with appropriate attri-
butes based on visual image interpretation.

4. Results

4.1. Quantitative assessment of the ALS-filtered data

TheALS-derivedDTMshad overall RMSE vertical errors for the entire
study area ranging from 0.886 to 4.203 m, with a large error computed
in the forested terrain (5.915 m) (Table 3). The SCP image at the third
filter yielded the most accurate DTM with the lowest overall RMSE
(0.886 m). As expected, larger vertical errors were found in the first
Table 3
Vertical accuracy of ALS-derived DTMs for the three land-cover types. SCP = SCOP++ linea
weighting. Units in m.

Inter-polators ALS filters Forested zone (n = 187) Agriculture zone
(n = 175)

RMSE MAE MAPE RMSE MAE MAP

SCP 1st filter 5.915 3.072 0.251 1.209 0.799 0.080
2nd filter 2.884 1.535 0.137 1.150 0.733 0.076
3rd filter 0.898 0.677 0.065 0.890 0.636 0.066

NEN 1st filter 5.642 2.997 0.255 1.635 0.560 0.096
2nd filter 2.627 1.467 0.129 1.119 0.713 0.075
3rd filter 1.389 0.585 0.092 1.213 0.572 0.078

T2R 1st filter 5.514 2.823 0.248 1.726 0.771 0.102
2nd filter 3.051 1.433 0.170 1.848 0.553 0.110
3rd filter 1.577 0.526 0.103 1.355 0.476 0.085

IDW 1st filter 5.698 3.077 0.254 1.361 0.694 0.082
2nd filter 2.790 1.228 0.143 1.251 0.551 0.077
3rd filter 2.611 0.219 0.141 1.282 0.606 0.079
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filters for all interpolators, with an average RMSE of 4.045 m. The
second and third filters resulted in an average RMSE of 2.178 and
1.416 m, respectively. After the first filtering step, the T2R-derived
DTM depicted the lowest overall RMSE (3.909 m) across the landscape.
The NEN-derived DTMwas significantly more accurate (1.971 m) than
the others after the second filtering step, whereas the T2R had a large
error. The SCPmethod always revealed the best results after threefilter-
ing steps. The IDW-derived DTM had the highest overall RMSE value
(2.016 m) after the third filter step compared to the other techniques.
All ALS filters depicted lower vertical errors in the tea plantation than
in forest and agriculture zones.

An important result of comparing the surface interpolationmethods
is that an optimum DTM accuracy is found for the agriculture and tea
zones. The lowest errors obtained in the NEN and IDW after the second
filtering step, whereas the T2R and SCP had the lowest errors after the
third filtering step in both zones. The fact that there is no single best
method for DTM generation, made it necessary to use qualitative mea-
sures for DTM interpretability of geomorphological features.

We found that the ALS-derived DTM error was not evenly distrib-
uted across the landscape (Fig. 4). The DTM errors were less for slopes
below 30° than the overall RMSE (0.886 m for SCP after three filters),
and increased non-linearly with steeper slopes. About 64% of the
landslides occur in the area with a slope between 21° and 40°, and
showed an overall RMSE of 0.87 m. The DTM error increased to an
RMSE value of 1.53 m for slopes over 40°. However, only 17% of the
landslides were located in this slope class.

Across the landscape, the filtering process resulted in 32.5 × 106

(29%), 24.5 × 106 (22%), and 16.8 × 106 (15%) points labeled as ground
points after the first, second and third filters, respectively. The original
ALS data in the forested area occupiedmore points and not surprisingly,
the retrieval of ground points in this zone resulted in 16%, 9%, and 5% of
the points for the first, second and third filters, respectively. The original
point density for the tea plantation was lower than that for the other
land-cover types. The filtering in the tea plantation depicted 83%, 76%,
and 53% of ground points after thefirst, second, and third filters, respec-
tively. Similarly, the bare-earth extraction in the agriculture zone
ranged from 60% to 83% of ground points.

The nine maps were compared to determine the height differences
analyzed at different land-cover types (Table 4). The largest height dif-
ferences were found in the forested terrain for all DTMs between the
first and third filters for all interpolationmethods. The height difference
between the second and third filtering steps resulted in small discrep-
ancy across the landscape. The negative height differences ranged
from−0.224 to−0.008 m and predominantly found in the tea planta-
tion and agriculture zones. The NEN, SCP, and IDW depicted the lowest
height differences for the forest, agriculture, and tea plantation zones,
respectively.
r prediction; NEN = Natural neighbor; T2R = Topo-to-Raster; IDW = Inverse distance

Tea plantation zone
(n = 62)

Total for all zones (n = 448)

E RMSE MAE MAPE Overall RMSE Overall MAE Overall MAPE

1.074 0.578 0.078 4.203 1.822 0.159
1.009 0.557 0.071 2.139 1.087 0.104
0.868 0.594 0.069 0.886 0.649 0.066
1.464 0.719 0.098 4.042 1.730 0.171
1.030 0.581 0.071 1.971 1.050 0.100
1.242 0.561 0.085 1.303 0.576 0.085
1.752 0.660 0.117 3.909 1.722 0.173
1.943 0.561 0.133 2.498 0.969 0.142
1.306 0.533 0.087 1.458 0.510 0.094
1.200 0.616 0.084 4.027 1.805 0.163
1.039 0.499 0.075 2.104 0.863 0.108
1.181 0.525 0.083 2.016 0.412 0.109
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Fig. 4. DTM error (RMSE) with respect to slope gradient and distribution of landslides (black bars). A number of field-measured terrain height data are indicated in brackets.
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4.2. Landslide interpretability of ALS-derived images

Fig. 5A gives an example of the ALS-derived images for four surface
interpolators and three different filters with the interpreted landslides.
Fig. 5B shows shaded relief of ALS-derived DSMs and three filters de-
rived from the IDW interpolation visualized as anaglyph images. The lo-
cation of the subset area, which is completely covered with forest,
corresponds to II in Fig. 1B. A large portion of the trees is still visible
after the first filtering step for all the surface interpolations. Generally
the IDW tends to showmore rough surfaces,which aremore prominent
at the third filter than the other surface interpolators. Contrarily, the
NEN and T2R images presented relatively smooth surfaces on the slop-
ing terrain, ridges and top of mountains.

The expert knowledge revealed that the IDW interpolator was the
bestmethod for interpretation among the tested interpolationmethods
for landslide recognition. The ranking of landslide interpretability based
on ALS-derived DTMs is given in Table 5. For the three landslide kine-
matic zones, the NEN and T2R images provided less clear evidence of di-
agnostic landslide features including the neotectonic activities (e.g.
displaced terraces, landslide occurring along lines, shutter ridges, and
subsidence zones with horsts and grabens). The IDW produces more
noisy terrain models but without a heavy smoothing of the relief. Con-
trarily, the NEN, T2R and SCP generate sharper surfaces but smooth the
relief more than the IDW. The image interpreters indicated that images
derived from the IDW interpolator weremore suitable for landslide de-
tection than the other images.

A total of 561 landslides were mapped using the stereoscopic
ALS-derived shaded relief images. Surprisingly, the ALS landslide map
Table 4
Statistics of height differences for different surface interpolations and land-cover types.
IDW = Inverse distance weighting. Units in m.

No. Pair-wise maps SCP (mean ± SD) NE

Forested terrain
1 First–second filter 2.733 ± 5.348
2 Second–third filter 1.156 ± 3.370
3 First–third filter 4.074 ± 6.601

Agriculture zone
4 First–second filter −0.008 ± 0.598 −
5 Second–third filter 0.023 ± 0.616 −
6 First–third filter 0.030 ± 0.799 −

Tea plantation
7 First–second filter −0.039 ± 0.600 −
8 Second–third filter −0.081 ± 0.545
9 First–third filter −0.179 ± 0.713 −
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revealed about ten times more landslides in the Cameron Highlands
than had been mapped previously using aerial photographs and satel-
lite images. About 48% of the slope failures were characterized as shal-
low flow types. About 26% of the mapped landslides were verified in
the field; a map validation is usually performed on a more limited por-
tion of themapped landslides, typically less than 15% (Galli et al., 2008).
The ALS-derived image also unveiled about 125 neotectonic features,
which constituted 14% in the database. Examples of ALS images derived
from three ALS filters resulting in different quality of landslide inter-
pretability are given in Figs. 6 to 8. In an old-growth tropical rainforest
(Fig. 6A), the ALS image derived from the second filter is preferable
for a detailed landslide interpretation (see Fig. 6C), as it clearly revealed
most of the diagnostic landslide features hidden beneath an old-growth
forest. The second filter product succeeded in removing the vegetation
while preserving the micro-morphology of old landslides. It allowed
the recognition of landslide morphology under forests. Contrarily, the
quality of the third filter image is reduced and its topography is dramat-
ically changed making the landslide interpretation rather difficult
(Fig. 6D). A large part of this image is very smooth and artifact effects
distract the interpretation, such as ‘fallen tree’ and ‘dotted needles’ pat-
terns. The second filter (Fig. 6B) is also difficult to interpret as vegeta-
tion patches are still largely visible.

For image interpretation in an agricultural area, with trees on the
steeper hillslopes, the situation is different. The image generated from
the first filter gave a better contrast for landslide interpretation
(Fig. 7B) whereas the second filter (Fig. 7C) and the third filter
(Fig. 7D) led to linear artifacts that could be erroneously interpreted
as landslide scarps. Fig. 8 gives an example of landslide freshness as
SCP = SCOP++ linear prediction; NEN = Natural neighbor; T2R = Topo-to-Raster;

N (mean ± SD) T2R (mean ± SD) IDW (mean ± SD)

1.063 ± 3.316 2.783 ± 5.206 3.124 ± 5.776
2.481 ± 5.419 1.250 ± 3.474 1.374 ± 4.128
4.041 ± 6.605 4.200 ± 6.654 4.705 ± 7.408

0.191 ± 1.158 0.017 ± 0.845 −0.031 ± 0.718
0.012 ± 0.523 −0.027 ± 0.733 0.004 ± 0.627
0.071 ± 0.797 0.034 ± 1.039 0.062 ± 0.779

0.213 ± 1.177 0.123 ± 0.919 −0.137 ± 0.653
0.064 ± 0.451 −0.224 ± 0.871 0.019 ± 0.528
0.133 ± 0.735 −0.151 ± 0.951 −0.066 ± 0.582
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Fig. 5. Results of data interpolation. A) Twelve shaded relief maps made with three filters and four surface interpolators for a subset of the study area (II in Fig. 1B) with the
interpreted landslides. B) Original ALS image and three images after successive filtering using the IDW interpolator, presented as blue and red anaglyph relief images. See text
for explanation. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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shown by the clear diagnostic features of recent landslides activities
labeled a to g. The location corresponds to III in Fig. 1B.

5. Discussion

Accurate and interpretable topographic information of the Earth's
surface is important for landslide studies. Understanding the effect
of ALS filtering for terrain modeling is of pivotal importance for
Please cite this article as: Razak, K.A., et al., Generating anoptimal DTM from
environment, Geomorphology (2013), http://dx.doi.org/10.1016/j.geomor
determining the reliability of landslide inventory maps (Razak et al.,
2011). In this study, we evaluated the various types of ALS-derived
DTMs as a result of applying different ALS filter parameterizations and
surface interpolations for recognizing and classifying landslides in a
tropical mountainous region in Malaysia. A hierarchical robust filtering
algorithm with an appropriate parameterization was used to generate
reliable ALS-derived DTMs for landslide interpretation in dense ever-
green forests with complex undergrowth.
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Table 5
Qualitative assessment of filters and surface interpolators. G = good, FG = fairly good,
P = poor, LSZ = landslide source zone, LDZ = landslide depletion zone, LAZ =
landslide accumulation zone, OGF = other diagnostic geomorphological features.

First filter Second filter Third filter

LSZ LDZ LAZ OGF LSZ LDZ LAZ OGF LSZ LDZ LAZ OGF
SCP FG FG FG FG P FG FG P P FG FG P
NEN P P P P P P P P P P P P
T2R P P P P P FG FG P P P P P
IDW FG FG FG FG G G G FG G G G FG
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Inmonsoon-dominated regions, landslide topographic signatures can
be rapidly obscured by tropical vegetation, made the synoptic remotely
sensed data often hampered in heavily forested terrain. In this study,
we showed that the stereoscopic ALS-derived image can be a very
good source for forested landslide characterization, although it is evi-
dently problematic to recognize shallow landslides and debris flows be-
neath forests (Brardinoni et al., 2003). It allowedmapping andclassifying
a large number of complex landslides and geomorphological features
(neotectonic and lineament). The total number of landslides mapped
using ALS data is substantially higher than that of a previously published
landslide inventory compiled over 21 years (e.g. Pradhan and Lee, 2010).

Given that the quality of filtered ALS points has a direct impact on de-
rivative products, the field validation data should be collected indepen-
dently, and with a higher precision (Pfeifer and Mandlburger, 2009).
Error assessment of ALS-based DTMs is difficult, time-consuming, and
expensive, and it is even more so in a rainforest. In this study, however,
we succeeded to collect 448 validation points using different
space-based geodetic measurements techniques (e.g. Static, Rapid Static
andRTK) coupledwith a high precision local surveying tool (e.g. TS). This
approach is relatively fast, accurate, and more practical compared to op-
tical leveling technique, such as used in tropical forests by Hofton et al.
(2002).
Fig. 6. Quality of IDW-derived DTMs affecting landslide interpretability. A) Shaded relief of th
present after the first filtering. C) Diagnostic landslide features clearly visible after the secon
smoothing effects. The location corresponds to III in Fig. 1B.
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The vertical accuracy of the 12 DTMs (four interpolators for each fil-
ter) varied between 0.886 and 4.203 m of overall RMSE. The accuracy
differed depending on the completeness of filtering to remove the veg-
etation and the surface interpolation techniques used. These results are
an improvement compared to Clark et al. (2004) who reported a DTM
with an overall RMSE value of 2.29 m in the tropical wet forest in
Costa Rica. The DTM accuracy of a small-footprint ALS sensor data eval-
uated in this study is much better than a large-footprint Laser Vegeta-
tion Imaging Sensor (LVIS) data with an overall RMSE value of 5.64 m
(Hofton et al., 2002) and the stereo-radargrammetry technique
(Baghdadi et al., 2005; Chen et al., 2007) acquired in tropical rainforest
regions.

Clark et al. (2004) found higher errors with higher slope angles in
the Costa Rican rainforest and it shows similar pattern in our study
area. Interestingly, we found 83% of landslides are located at slope
below 40% where low DTM accuracy (b1 m) was reported. A thresh-
old angle of slope steepness is of crucial for determining the landslide
initiation and its geomorphic processes (Sidle and Ochiai, 2006). The
authors also noted that the shallow and rapid landslides prevailed in
the aforementioned slope gradient.

The large errors obtained in the rugged forested terrain are due to
dense undergrowth on the slopes, structurally complex trees, steep
terrain, and sharp edges. These conditions are challenging for all
bare-earth extraction algorithms (Sithole andVosselman, 2004). Further-
more, we observed that only a fewpoints represented the ground surface
under very dense forest, even though first and last return data were
recorded. Locally, the point density was reduced by heavy low altitude
cloud cover, leading to smoothing effects. Contrarily, the filtering in the
tea plantation zone performed well, even after the first filter. This is be-
cause of the HRI algorithm in which its filter characteristics (e.g.
points-to-points operation and surface-based filter structure) can filter
out the points relatively easily in the tea plantation zone, as most of the
e ALS-derived DSM showing a dense tropical rainforest area. B) Vegetation patches still
d filtering. D) Poor DTM resulted from the third filtering, with many artifacts and high
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Fig. 7. ALS filtering results displayed as shaded relief images for a sparsely vegetated terrain susceptible to landslides (location IV in Fig. 1B). A) Original ALS data. B) Result of the
first filter allowing better landslide interpretability. C) Second filter derived image with arrows indicating artifacts that would lead to wrong landslide interpretations. D) Third filter
result with arrows showing large smoothing effects and artifacts.
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tea is likely to have same plant height, planted in a systematicway,with a
few tall trees randomly scattered over the area.

The landslide interpretation using theALS-derived images is based on
the recognition of elements associated with slope movements and the
identification of their significance to slope instability. We observed that
landslide recognition was not the same for each level of filtering. The
third filtering step even led to a significant reduction in interpretability,
while overall the vertical error did reduce. A clear trade-off for automatic
filtering was observed between the amount of vegetation removed and
the amount of micro-morphology retained in the images that allowed
a better landslide interpretation. Non-ground features (e.g. trees and
buildings) were removed in the third filter step; however it resulted in
artifacts and excessive smoothing. Slope failures can still be mapped in
such images but result in incomplete landslide inventory maps with
high uncertainties. Contrarily, the less stringent filtering, i.e., the first
and second filters depicted the general slope morphology better, reduc-
ing the artifacts of the third filter. More diagnostic landslide features
were represented coupled with clear indications of micro-morphology,
although vegetation pattern is sometimes still visible on the images.
Hence a purely quantitative error assessment does not lead to the best
DTM for landslide inventory mapping.

The qualitative assessment of ALS-derived DTMs revealed that IDW
interpolation preserved macro- and micro-morphological features
much better than the other surface interpolation methods assessed in
Please cite this article as: Razak, K.A., et al., Generating anoptimal DTM from
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this study. It is worth mentioning that an optimal ALS image applicable
to landslide identification is also dependent on the scale of observation
and dimension of the geomorphologic features. In most cases, a
multiscale image interpretation is required to reduce uncertainty in
landslide mapping, whichmay be complementedwith optical imagery.
Moreover, the analysis proved that the suitability of DTMs for landslide
mapping for each filtering step is also a function of (i) the size of the
morphological features, (ii) the degree of tropical vegetation cover,
and (iii) the type of geomorphological features to be observed (i.e.
neotectonic alignments).

6. Conclusions

Mapping landslides in humid tropical mountainous regions is a dif-
ficult task due to the poor accessibility, the rapid re-vegetation, and
cloudy weather conditions. In this study we presented and evaluated
a novel method using ALS-based DTMs resulting from various filtering
parameterizations and surface interpolations for landslide inventory
mapping in an equatorial mountainous landscape.

We showed that a small-footprint ALS system enabled identification
and classification of complex landslides beneath dense vegetation, but
care should be taken in filtering data for a lowland equatorial evergreen
rainforest.Wequantitatively assessed the terrainmodels associatedwith
landslides using 448 field-measured terrain height points, resulting in a
airborne laser scanning data for landslidemapping in a tropical forest
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Fig. 8. Diagnostic features for recent landslide activity revealed by an ALS-derived image. (A) Image of area V in Fig. 1B. (B) Close-up view. Arrows indicate points where landslide features
were detected: i) arrow a indicates a lateral landslide deposit that partially covered the escarpment and the depletion zone of the slope failure indicated by arrowb; (ii) arrows b, c, f and g
indicate landslide deposit partially blocking a road; and (iii) arrows e and d indicate two slope failures which have partially eroded a road.
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minimum overall RMSE value of 0.886 m across the landscape, which is
an improvement over previous studies. The presented method is favor-
able for dense, structurally complex forests as other satellite-, or airborne
remote sensing techniques perform poorly in these areas. Compared to
the previous mapping efforts, the ALS-derived images revealed 10
times more landslides and previously unknown neotectonic features in
a tropical populated region with poor seismic data.

A combination of filtering steps is needed for optimal landslide iden-
tification under dense tropical forests. Less stringent filtering produced
a DTM that revealed more diagnostic micro-morphology, but also left
some of the vegetation in the DTM. A low RMSE value alone is not a
good indication for landslide interpretability and should not be the
aim of any data analyst. The experts found that the IDW-derived ALS
image is preferable for landslide interpretation. The fact that there is
no single best method for DTM generation, made it necessary to the
use of qualitative measures for DTM interpretability of distinctive land-
slide geomorphology. We concluded that the density of the laser point
and the resulting groundpoint density afterfiltering are key parameters
for producing a DTM applicable to landslide mapping.

The acquisition of precise terrain information is of utmost impor-
tance for a better understanding of tropical landslides in equatorial for-
est environments. The reported accuracy and expert knowledge on
ALS-derivedDTMs posed in the present study are crucial to properly de-
termine the reliability and uncertainty of landslide inventory maps.
Replicability still strongly depends on the quality of the DTM interpreta-
tion, and the time spent on the task. ALS derivatives can potentially be
used to automatically detect the landslides under forest, such as by in-
troducing a semantic multistage model for object-oriented identifica-
tion of vegetated landslides (e.g. Van Den Eeckhaut et al., 2012). Given
the complexity of the terrain, automating the inventorization will still
Please cite this article as: Razak, K.A., et al., Generating anoptimal DTM from
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be challenging in the tropics. The method of the present study is
recommended for forested mountainous terrain affected by landslides
in tropical and sub-tropical regions.
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