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SLP cluster parameters for predicting ISMR are different
in contrasting phases of ESI tendency. During positive
(negative) ESI tendency, only SLP (ST) cluster parameters are sufficient to predict ISMR. The skill in ISMR
prediction can be improved using different prediction
equations depending upon the phase of ESI tendency.
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Plant height profiling in western India
using LiDAR data
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Plant height has always been a subject of research in
forest and vegetation sciences. Space-borne LiDAR
data of Geoscience Laser Altimeter System (GLAS) on
the Ice, Cloud and land Elevation Satellite (ICESat)
have opened up new possibilities to analyse vegetation
height. Here, we have analysed the plant height panorama for various forest vegetation classes of western
India and understood their profile in terms of topography, vegetation canopy density and presence of
heterogeneous features within the LiDAR footprints.
Of the total 14,230 LiDAR hits for western India falling in 32 forest vegetation classes, we eliminated extreme plant height ranges to retain 9553 (67.13%)
data points for further analysis. Maximum number of
data points was observed over temperate coniferous
forest, pine forest and desert dune scrub with 2119,
936 and 1770 number of LiDAR hits respectively. The
maximum and minimum plant height range varied
between 70 and 2.2 m for temperate coniferous forest
and alpine scrub. In general, we noticed inaccuracy in
the plant height estimates from GLAS data points for
higher slope and elevation. Overestimation in data
points could be attributed to the presence of anthropogenic features, viz. buildings, settlement and
*For correspondence. (e-mail: tripathy.poonam@gmail.com)
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towers; and underestimation could be attributed to
bare ground, agricultural field and water body owing
to class heterogeneity and positional inaccuracy. This
study provides a profile of plant heights from western
India that can be used for structural characterization
studies utilized in climate and ecological assessments.
Keywords: Forest management, LiDAR data, plant
height, remote sensing, vegetation classes.
THE importance of vegetation canopy height has always
been a research topic in forest mapping, habitat quality,
biodiversity and carbon cycle1,2. LiDAR remote sensing
can provide three-dimensional vegetation structure3–5
by accurately capturing the spatial patterns of canopy
heights6 and serves as a surrogate in stand succession
state prediction7 and spatial variation patterning8. LiDAR
has been proven better compared to optical and microwave-based remote sensing estimates in its ability to
predict biomass in temperate deciduous, temperate coniferous forests9,10.
LiDAR is an active remote sensing technique in which
a pulse of laser energy is transmitted towards the surface.
The principle of operation of radar and LiDAR is similar
in those pulses of energy at wavelengths ranging from
millimetres to metres for radar and 0.5–10 μm for LiDAR
are transmitted onto the ground. This transmitted pulse of
energy further interacts with the medium or objects under
study, and scattered back to the instrument. The backscattered light captured by the LiDAR’s receiver is used to
determine the properties of the medium through which
the beam propagated. The pulses are time-tagged and
travel with a known velocity in a given medium. Thus, by
knowing the time delay created by travel of laser beam
from source to the target surface and back to the sensor is
measured and provides a distance or range. Hence the
common use of the term ‘laser altimetry’. The range calculation was given by Vosselman and Mass11 (eq. (1))

ρ = cτ /2n,

(1)

where τ is the round-trip time delay of the laser beam, c
the velocity of light, and n is the correction factor equal
to the reflective index of the atmosphere.
The limitations of passive remote sensing technologies
in capturing the horizontal and vertical aspects of forest
structure, biomass and misrepresentation of canopy structure, spectral features and bidirectional responses led
to emergence of active remote sensing as a potential
tool7,12,13. The advantage of using LiDAR remote sensing
for forestry applications is that it can provide threedimensional vegetation structure3–5 by accurately capturing the spatial patterns of canopy heights6, characterizing
vertical distribution of canopy material, crown volume,
sub-canopy topography, biomass, vertical foliage diversity and multiple layers, height to live crown, large tree
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density, leaf area index, and physiographic or life-form
diversity through direct and indirect retrievals. It has
enormous potential for forest ecological research,
because it directly measures the physical attributes of
vegetation canopy structure that are highly correlated
with the basic plant community measurements14.
Space-borne LiDAR data of Geoscience Laser Altimeter System (GLAS) on the Ice, Cloud and land Elevation Satellite (ICESat) open the possibility to map global
forest vertical structure. ICESat/GLAS acquired the
global data of emitted light pulse of known duration and
intensity during 2003 to 2009, which was transmitted,
absorbed and scattered throughout the vegetation canopy
by leaves and branches at various depths13–17. Lefsky12
developed an approach to map forest height globally
using GLAS, which showed strong relationship with
height prediction. GLAS-derived global vegetation height
product produced more realistic dominant vegetation
height for tropical forests between 30 and 60 m versus 20
and 40 m (ref. 13).
Studies demonstrated the potential of GLAS data to
characterize forest structure; though surface topography
still needs special attention on GLAS sensitivity. Many
forest locations with steep slopes and high surface roughness contribute to stretched waveforms due to large footprint resulting in mixed vegetation return of LiDAR
hits18,19. According to empirical studies20,21, vegetation
height estimation in hilly landscape and steep slopes is
challenging due to complex terrain. Leeuwen and Nieuwenhuis22 reviewed the possible causes of overestimation
and underestimation of tree height, wherein they proposed the terrain slope as a strong factor. Random digital
elevation model (DEM) errors can also cause under- and
overestimation of slopes23. Variation in terrain elevation
or tree height over a small area leads to inaccurate
retrieval of tree height. Los et al.13 demonstrated the
application and sensitivity analysis of filters based on the
tests of slope, elevation, area under first Gaussian, amplitude of first Gaussian, sigma and neighbour. Here, we
evaluated the performance of GLAS-retrieved tree height
data and compared them with field and literature-based
estimates. Pre-processed vegetation height data were acquired from Los et al.13 for utilization in the study (pers.
commun.). The basic pre-processing steps to retrieve the
vegetation height data from GLAS waveform (GLA14)
conversion are mentioned here. The GLA14 data distributed in binary format were converted into ASCII format
by the IDL program developed by the National Snow and
Ice Data Centre at University of Colorado Cooperative
Institute for Research in Environmental Sciences
(CIRES), United States. Then, the waveform data, originally in counts from 0 to 255, were converted into
voltage units and the voltage waveform was normalized
after which waveforms were smoothed by a Gaussian
filter. Finally, Gaussian components were fitted to the
smoothed waveform. Detailed descriptions of these
971
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Figure 1. Four states of northwestern India considered for the study (a) under the backdrop of the forest vegetation type map29 (b), falling in the
upper Himalayan zone (c), the great Indian Thar Desert (d), agricultural field-dominated zone of Punjab (e) and coastal vegetation zone of Gujarat
( f ) wherein LiDAR hits are shown over the forest vegetation and land-use classes.

processing steps are given in Duong et al.24. Los et al.13
employed the method of Rosette et al.25 (eq. (2)) to retrieve vegetation height as
hV = 1.06(r1 – rA1,2),

(2)

where hV is the vegetation height, r1 the signal start, and
rA1,2 is the the centroid range increment for maximum
amplitude between Gaussians 1 and 2.
Spurious data were inspected and filtered out using
SRTM-derived DEM for land surface topography. Comparison with GLAS-derived elevation was also helpful to
obtain indication about slope.
The study area encompasses parts of northwestern
India, including states of Jammu & Kashmir (J&K), Punjab, Rajasthan and Gujarat (Figure 1 a). The study site is
a complex mountainous area in Western Himalaya (J&K)
that shares international boundaries with Pakistan and
China. Punjab is an intensively cultivated state having
>84% area under agriculture, whereas Rajasthan is the
largest state of India in terms of geographic area, mostly
occupied by Thar, the great Indian desert. Gujarat is situated on the western coast of the country having the longest coastline. The region accommodates several forest
972

vegetation classes ranging from grasslands, thorn forests
and mangroves to alpine pastures with an altitudinal
variation from minimum 1 m amsl in Rajasthan to
4500 m amsl in J&K, thereby representing a conspicuous
site for the study.
ICESat/GLAS acquired data globally during 2003–
2009. GLAS, a full waveform sensor uses a 1064 nm
laser operated at 40 Hz, emits laser pulses of 7 ns width
equivalent to 1 m (1 ns = 15 cm) in surface elevation and
records the returned laser energy from an ellipsoidal
footprint of approximate diameter of 70 m on ground
spaced at 175 m along track on ground surface. The footprints include backscattered energy of different objects
on the ground, where the return signal is described as a
function of time; this will lead to multiple return echoes.
Being a full waveform system, GLA14 data are capable
of recording the full return signal and thereby provide
information about the vertical structure of the footprint
representing a voxel with an elevational value in threedimensional space with a vertical resolution of less than
3 cm. Waveform extent is the vertical distance between
the first and last elevation at which the waveform energy
exceeds a threshold level. There are basically two categories of LiDAR systems – discrete return devices (DRD)
CURRENT SCIENCE, VOL. 105, NO. 7, 10 OCTOBER 2013
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Table 1.
Forest/dominant
vegetation class

Tree height ranges collected from the literature and used in the present study
Tree height
(m)

Altitude
(m)

Temperate coniferous
Cedrus deodara

24–88
11–80

1373–3600
1200–3000

Abies spp. (fir)
Pinus spp. (pine)

26–75
15–42

1373–3050
450–2300

Quercus spp. (oak)
Sub-tropical broad leaved evergreen
Juniper spp.
Prunus spp. (almond)
Malus spp. (apple)
Prosopis juliflora scrub
Tropical thorn forest
Mangrove
Lasiurus – Panicum grassland
Saffron

2–30
25–30
1–20
15
8–10
3–14
6–10
5–10
1–2.5
0.1–0.5

1800–3000
–
–
–
1860–2900
–
–
–
–
–

Study site
Indian Himalaya, Malam Jabba in Pakistan
Doda (J&K), Pauri, Garhwal District
(Uttarakhand) of Indian Himalaya, Pakistan
India, Pakistan
Garhwal Himalaya (Uttarakhand), Solan
(Himachal Pradesh), Pakistan
Meghalaya, Pakistan
India, Columbia
Western Himalaya
Jammu & Kashmir
Himachal Pradesh
Western India
India, Pakistan
India, Pakistan
Rajasthan
Jammu & Kashmir

Tree height (m)
taken in this
References
study
35–37
35, 37–39

4–70
5–70

35, 37
40–43, 37

4–70
4–60

44–45, 37
46, 47
48
49–51
52–54
55, 56
57, 58
37, 59
60
61–63

6–30
Up to 55
Up to 40
2–15
15
0.3–14
0.5–5
0.5–6
5
0.5–2

Figure 2. a, Methodology for tree height analysis. b, Snapshots of the locations with misrepresentation of tree height in different vegetation types: (i) Moist alpine pasture, overestimated height 62.4 m at slope 12°, altitude 3291 m. (ii) Forest plantation, overestimated
height, 45 m. (iii and iv) Temperate coniferous and pine forest with LiDAR hits on ground due to open canopy. Image Source: Google
Earth, NOAA, 2007.

and waveform recording devices (WRD). The former
measures time elapsed between emission and return of
laser pulse, while the later captures continuous energy
return from each emitted laser pulse26 and is more efficient in providing enhanced vertical structure of forests9.
The pre-processed tree height GLAS land data (GLA14)
product, release 31, was gathered for the study13. The
interpolated shuttle radar topographic mission (SRTM)
data (version 4.1) distributed by the Consultative Group
for International Agriculture Research Consortium for
CURRENT SCIENCE, VOL. 105, NO. 7, 10 OCTOBER 2013

Spatial Information (CGIAR-CSI) was procured and
processed to obtain an indication of the slope for the
Indian region27,28.
The raw (non-filtered) vegetation height LiDAR data
and SRTM DEM were geometrically corrected and projected to Universal Transverse Mercator (UTM) reference
system using GIS tool. Slope and altitude were extracted
using the LiDAR data points for the corresponding locations. Forest vegetation type map prepared during ‘Biodiversity characterization at landscape level’ project was
973
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Figure 3. Three-dimensional representation of plant height profile in (a) upper Himalayan and (b) lower arid and coastal zones according
to GLAS land data (GLA14) with filtration.

utilized as reference for the study site29. Information
gathered during the reconnaissance survey (carried out
during 2005) was utilized for forest vegetation characterization. A detailed literature survey helped in compilation of plant height ranges (Table 1), which provided a
basis to eliminate/filter values for different forest vegetation classes for further analysis. Explanation in terms of
topography, vegetation canopy density and presence of
heterogeneous features within the LiDAR footprints was
obtained from Google Earth, NOAA (2007) and SRTM
DEM (Figure 2 a and b). Further, the plant height data
points were converted to a voxel grid using a geometric,
three-dimensional representation to analyse the height
ranges of different forest vegetation classes and depicted
in three parts (Figure 3 a and b).
Out of 14,230 LiDAR hits for 32 forest vegetation
classes, 26 were observed in the upper Himalayan zone,
while 6 were observed in the lower arid and coastal zone
(Figure 1 b). Information on plant height ranges, their
altitudinal distribution, site locations and their publication sources is mentioned along with the plant height
ranges in Table 1. On elimination/filtration of extreme
974

plant height ranges, 32.87% data points was dropped,
permitting 9553 (67.13%) data points for further analysis
(Table 2). Maximum number of data points was observed
over temperate coniferous, pine and desert dune scrub
classes with a total number of 2119, 936 and 1770
LiDAR hits respectively; while minimum number of data
points was observed under broadleaved evergreen,
orchard and dry deciduous scrub classes (Table 2).
Of all vegetation types the minimum plant height
observed to be 2.2 m for alpine scrub and maximum 70 m
for temperate coniferous forest respectively. This plant
height approached up to 15 m for Prosopis juliflora scrub
in upper Himalayan zone and 5.7 m for mangroves
in lower arid and coastal zones respectively (Figure 3 a
and b).
In general, we noticed inaccuracy in the plant height
estimates from GLAS data for points of higher slope and
elevation (Figure 2 b, i). Maximum number of plant
height overestimation was found on >10° slope and altitude beyond 2000 m in the subalpine region covered with
scrub and pasture vegetation that confirms the observation by Yang et al.19 and Xing et al.21 for >15° slope
CURRENT SCIENCE, VOL. 105, NO. 7, 10 OCTOBER 2013
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Table 2.

Forest/dominant
vegetation class

No. of total
LiDAR hits

Percentage of overestimated and underestimated LiDAR hits
LiDAR
hits with
underestimation (%)

Temperate coniferous
Cedrus deodara (Deodar)
Abies spp. (fir)
Pinus spp. (pine)
Quercus spp. (oak)
Tropical broad layered evergreen

2,267
389
447
1,159
21
1

99 (4.37)
7 (1.80)
9 (2.01)
13 (1.12)

Juniper spp.

208

Prunus spp. (almond)
Bamboo mixed
Dry deciduous forest
Degraded forest
Malus spp. (apple)

97
9
554
481
5

2 (2.06)
−

Bamboo mixed
Forest plantation
Mixed plantation

LiDAR
hits with
overestimation (%)

Possible
causes of
underestimation

−

49 (2.16)
8 (2.06)
22 (4.92)
210 (18.12)
8 (38.10)
−

−
−
−
−
Open forest (ground hit)
Open forest (ground hit)

−

183(87.98)

−

6 (1.35)
−

23 (23.71)
5 (55.56)
97 (17.51)
131 (27.23)
4 (80)

Open forest (ground hit)
−
−
Open forest (shrub)
Bare ground

9
70
413

−
15 (21.43)
56 (13.56)

5 (56)
8 (11.43)
97 (23.49)

−
Agriculture, bare ground
Bare ground, water body

Prosopis juliflora scrub
Orchard
Desert dune scrub
Dry alpine scrub

1,819
107
2,231
128

156 (8.58)
3 (2.80)
–
−

109 (5.99)
33 (30.84)
461 (20.66)
116 (90.63)

−
Bare ground
−
−

Dry deciduous scrub

9

−

6 (66.67)

−

Moist alpine scrub
Open scrub
Scrub
Dry grassland

61
2,047
1,240
52

−
−
−
−

57 (93.44)
1,946 (95.07)
518 (41.77)
10 (19.23)

−
−
−
−

Lasiurus–Panicum grassland
Swampy grassland
Dry alpine pasture

23
52
45

−
−
−

2 (8.70)
10 (19.23)
30 (66.67)

−
−
−

Moist alpine pasture

155

−

125 (80.65)

−

Saffron
Thorn forest
Mangrove
Ravine

31
11
60
29

−
−
−
3 (10.34)

28 (90.32)
−
−
7 (24.14)

−
−
Bare ground
Bare ground, water body

Total

14,230

369 (2.59)

4,308 (30)

Possible
causes of
overestimation
−
Slope >10
−
Interspersed with other species
−
Slope >10, undulating terrain,
ridges
Slope >10, interspersed with
other species
Slope >10
Slope >10, undulating terrain
Slope >10, undulating terrain
Slope >10, undulating terrain
Interspersed with other species
and structures
−
Anthropogenic features
Slope >10, interspersed with
other species and structures
−
Slope >10
Slope >10
Slope >10, high altitude, trees,
undulating terrain, ridges
Interspersed with other species,
industrial activity
Slope >10, high altitude + trees
Slope >10, high altitude
Undulating terrain
Slope >10, interspersed with
other species
Slope >10
Slope >10
Slope < 20, interspersed with
other species, sudden
undulation
Slope < 20, interspersed with
other species, sudden
undulation
Slope >10
−
−
Anthropogenic features

Slope is in degrees; (−) indicates not applicable.

conditions. Few data points showed overestimation that
could be attributed to the presence of many anthropogenic features, viz. buildings, settlements and towers.
Maximum overestimations were observed for open scrub
(95.07%), moist alpine (93.44%) and dry alpine scrub
(90.63%) classes (Table 2), which spread 11–30° in slope
and 2000–4000 m altitude for open scrub, 11–13° slope
and 2000–4000 m altitude for moist alpine scrub and
CURRENT SCIENCE, VOL. 105, NO. 7, 10 OCTOBER 2013

11–21° slope and 2000–4100 m altitude for dry alpine
scrub. With reference to Google Earth, NOAA (2007)
and SRTM DEM, we found that these data points fall on
undulating terrain, extreme ridges and sharp valleys that
might have contributed to overestimation (Figure 2 b, i).
Los et al.13 also implemented a slope filter to eliminate
erroneous data points for slope >10°. As observed, plant
height data points from GLAS waveform can be affected
975
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by slope variations and the waveform from a slope without vegetation may give an impression of vegetation
canopy over a flat surface25,30. Figure 2 b shows the snapshots of four vegetation types from Google Earth, depicting the overestimation of tree height for moist alpine
pasture and forest plantation and underestimation for
temperate coniferous and pine vegetation. Most of the
plant height underestimation was observed in temperate
coniferous (4.37%), pine (1.12) and plantation (21.43%)
as the footprint might have been received from other
targets such as bare ground, agricultural field and water
body owing to class heterogeneity and positional inaccuracy (Figure 2 b, ii–iv). This study provides a profile of
plant heights of western India that can be utilized in plant
growth models and study of structural characterization.
GLAS data provide a sum of Gaussian peaks in return
signal and also a single tree height through the waveform
extent31, and have been used for various practical applications such as land cover classification, canopy height
modelling, and above-ground biomass estimation32,33.
Moreover, its global coverage and cost-effectiveness
provide a prospective for forest structure modelling.
However, slope effect in varied topography results in
complications in extracting canopy height from raw
waveform due to mixed returns from ground13,31. To
account for such hitches few slope correction algorithms
have already been applied to provide the precise results
with better vertical accuracy23,31,32. LiDAR technology
offers an emerging challenge to the management of
India’s forests, the panorama of which ranges from evergreen tropical rainforests in the Andaman and Nicobar
Islands, the Western Ghats and the northeastern states, to
dry alpine scrub high in the Himalaya to the north. The
technology could be utilized to address various aspects of
forest ecosystem management, not possible previously
with the data available from aerial photographs, optical
and radar satellites or even by ground measurements. If
cautiously planned, LiDAR can form the most scientific
and accurate means of forest management in the country,
viz. the three-dimensional dataset can be used to redefine
the only existing ‘forest types’ classification34 that groups
Indian forests into 16 major and 22 minor types based on
structure, physiognomy and floristic properties of vegetation.
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