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Light Detection and Ranging (LiDAR) has been used in a wide range of applications including forestry.
This study aims to investigate the potential use of airborne lidar scanning (ALS) data in estimating stand-
level structural and biophysical variables of lowland dipterocarp forest. Five forest variables, namely mean
height (Hm), basal area (BA), square mean diameter (Dg), stand density (S) and above ground biomass
(AGB), were tested based on 40 field plots. A total of 34 ALS metrics were generated and tested for model
development. A multiple linear regression approach was performed to generate the best model for
estimating the variables. Models for BA and AGB gave strong precisions, with an adjusted-R? of 0.77 and
0.82 and RMSE of 5.45 m? ha! and 71.12 Mg ha. The Hm and Dg gave moderate precisions, with R? of 0.61
and 0.44 and RMSE of 2.35 m and 6.07 cm, respectively, while S gave the lowest precision with an adjusted-R?
0f 0.27 and RMSE of 149.48 stem ha'l. This study demonstrated that ALS data performs better in estimating
stand-level structural and biophysical parameters of tropical forest, which is important for forest managers
towards better monitoring, planning and managing their forests by using this technology.
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INTRODUCTION

Remote sensing technology is an essential
resource in the forestry sector. The availibility
of various types of space borne optical and
radar data with various spatial, spectral and
temporal resolutions provide options to the
user in selecting and using the best data for
monitoring, predicting and managing forest at
larger landscape. The use of airborne system
has shown significant growth in recent years
with the increasingly available sensors on
airborne platforms. Initially aerial photograph
and hyperspectral images have been used in
estimating forest attributes (Ustin & Trabucco
2000, Matejka 2009, Feret & Asner 2012, Shen
etal. 2016). However, these data cannot provide
the information under the forest canopy layer.
Thus, the estimation of forest attributes can only
be done at canopy level (Bucha etal. 2012, Feret
& Asner 2012, McIntosh et al. 2012).

The use of LiDAR technology in the forestry
sector has become prominent in recent years
(Listopad et al. 2011, Kent et al. 2015, Leitold
et al. 2015, Sato et al. 2016, Hansen et al. 2017).
The capability of LiDAR sensor in capturing
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the information at all forest strata, with high
positional and height accuracies, is a clear
advantage over optical images, as LiDAR points
can penetrate the top canopy layer. This superior
advantage gives better results over orthophoto
and hyperspectral images in predicting forest
variables with high accuracy (Dandois and Ellis
2010, White et al. 2013, Wallace et al. 2016).

Most of the studies related to the estimation
of forest attributes have been carried out with
promising results in temperate forest and forest
plantations (Stone et al. 2011, Treitz et al.
2012, Watt et al. 2013, Ruiz et al. 2014, Crespo-
Peremarch et al. 2016). However, only few
investigations are available for tropical forest
ecosystems especially in Malaysia (Palace et al.
2015, Palace et al. 2016, Phua et al. 2016, Sadadi
et al. 2016, Rahman et al. 2017, Wan-Mohd-
Jaafar etal. 2017). Thus, more studies need to be
carried out in order to explore and utilise ALS
data in estimating attributes of tropical forest for
management purpose.

Although similar approaches were adopted
from previous studies, current investigations
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are needed on the utilisation of ALS data in
estimating stand-level structural and biophysical
variables of tropical forest. Variations between
studies, such as differences in sensor specification
during data acquisition, data acquisition method
and ALS point’s density, give huge differences in
estimating the forest variables.

High precision of prediction on forest
attributes, especially for tropical forest, provides
added value in assessing the forest ecosystem. The
common assessment of forest structure is often
carried out by field inventory surveys. Traditional
assessment usually requires a substantial amount
of time, money and manpower. However, ALS
data could be used to assist in assessing the
structure of the forest without minimal time and
manpower, to cover larger areas (Cauteron et. al.
2012, Thapa et. al. 2015). Thus, it is important
to fully explore and utilise the ALS data in
predicting forest attributes at highest precision,
in order to assess forest structure at larger area
with minimal error.

The main objective of this study is to explore
the potential use of ALS data in estimating stand-
level structural and biophysical variables of tropical
forest ecosystem especially in lowland dipterocarp
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forest. Four structural variables, i.e., mean height
(Hm), basal area (BA), square mean diameter
(Dg) and stand density (S) were chosen in this
study. Above ground biomass (AGB) variable
was also selected in this study. Multiple linear
regression approach was employed to develop the
best prediction model for each variable.

MATERIALS AND METHODS
The study area

The study area is located at Port Dickson
district in Negeri Sembilan, Malaysia. Sungai
Menyala Forest Reserve is one of the few
remaining patches of west coast lowland
dipterocarp forest in Peninsular Malaysia. The
area covers 1,305 hectares and is surrounded
by oil palm plantations, farms and villages.
The forest reserve is situated 5—6 km from the

coastline with an average ground elevation of
20-40 m above sea level. Almost 15% of the total
forest area is freshwater swamp forest. Sungai
Menyala Forest Reserve is a virgin forests that
has been designated as an eco-edutourism park
in Peninsular Malaysia.

Location of study area overlaid with high resolution Pleiades image (band combination: 3, 2, 1)
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Field plot data

A total of 40 forest inventory plots were
established within the study area. These plots
were used to develop and assess the models.
Stratified random sampling technique was used
to determine plot locations. The stratification
is based on elevation, canopy height and tree
cover information extracted from ALS data.
Forest inventory activities were carried out from
May to August 2016. The center of the circular
plots (20 m radius) was located in the field using
handheld GPS.

The sampling plot design was similar to
Winrock International (Walker et al. 2012).
However, some changes have been made to suit
tropical forest conditions. The plot was designed
in a circle with smaller nests inside. The nest sizes
(A) were 20, 12 and 4 m as shown in Figure 2.
Not all trees were measured within the nest plots.
Each nest measured different sizes of trees, as
summarised in Table 1. Diameter at breast height
(DBH) of trees was measured using diameter
tape. The total tree height and bole height were
measured using a hypsometer. Other information
such as tree species and position were also
recorded during the inventory.

Figure 2  Circular sampling plot of 20 m radius with
two nest sizes within the plot (12 and 4 m)
Table 1 Summary of living trees measurement in a
plot
Nest radius Size Tree size, DBH Nest area, A
(m) (cm) (ha)
4 Small 10.0 -19.9 0.00503
12 Medium 20.0 - 39.9 0.04524
20 Large >40.0 0.12566
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Estimation of plot-based forest variables

Forest variables at plot level were calculated based
on field inventory data. The Hm was calculated
by the arithmetic mean of all tree heights in the
plot. The BA of each plot was estimated based on
total BA of all trees within the plot, whereby BA
of each tree was calculated as follows:

BA, = 7 * DBH,? / 40000 (1)

where BA, = basal area of an individual tree
(m?) and DBH; = diameter at breast height of
an individual tree (cm). The calculation of Dg
of each plot was based on equation 2 as follows:

Dg = SQRT [SUM (DBH,?)/S] (2)

where Dg = square mean diameter (m?), DBH; =
diameter of breast height of an individual tree and
S = stand density. The S was estimated by taking
the summation of total trees measured within the
plot. The AGB of each tree was calculated based
on allometric function established by Chave et
al (2014), as shown in equation 3, before the
calculation of total AGB of every plots.

AGB; = exp [-1.803 - 0.976E + 0.976 In(p) +
2.763 In(DBH;) - 0.0299[In(DBH,)1%] (3)

where AGB, = above ground biomass of individual
tree (kg), DBH; = diameter at breast height of an
individual tree (cm), E = bioclimatic variable and
p = wood specific gravity or wood density. The
three forest variables, BA, S and AGB, estimated
at plot level, was standardised to per-hectare-
basis. The summary statistics for stand-structural
and biophysical information of all plots are listed
in Table 2.

LiDAR data

LiDAR data was acquired in April 2015 using
RIEGL LMS-Q560 sensor. The average flying
height during the acquisition was 450 m above
mean sea level. The resulting ALS point density
for all returns and last return were 12.39 and
7.31 point m? respectively. The final product
was delivered in 1 x 1 km tiles containing X, y, z
coordinates and classified to ground and non-
ground points. The date was saved as LAS binary
files format v 1.2 and projected as West Malaysia
Rectified Skew Orthomorphic (Kertau RSO).
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Table 2 Summary statistics for forest stand-structural and biophysical information of all plots
Forest variable Min Max Range Mean SD
Hm (m) 5.3 24.8 19.23 18.0 3.8
BA (m? ha') 3.2 49.8 46.6 25.4 10.5
Dg (m?) 12.2 48.6 36.4 30.3 8.4
AGB (mg ha') 35.6 762.4 726.8 319.6 157.2
S (stem ha') 30.1 1113.2 1083.0 396.0 199.0

Hm = mean height, BA = basal area, Dg = square mean diameter, AGB = above ground biomass, S = stand

density

ALS metrics were derived by FUSION v 3.6
open source software using normalised ALS
data (McGaughey 2009). Normalised ALS data
are cloud points where each point’s height is
converted from mean sea level (msl) to ground
reference. Thus, the height of each cloud point
refers to the height from ground, measured by
substracting the z coordinate f non-ground points
with digital terrain model (DTM), produced
using ground points data. The normalised ALS
points were clipped based on field inventory
area before derivation of ALS metrics of each
plot, performed by FUSION’s software. A total
of 34 ALS metrics were produced and used for
modelling analysis.

Establishment of model

The selection of ALS metrics was performed
before the model was built. To reduce the number
of ALS metrics, only metrics with significant
linear correlation with field plot data were
selected, since multiple linear regression method
was adopted to built the model. Only metrics
that gave strong linear correlation with field
plot data were chosen for model development.
For this purpose, the simple linear regression
approach was adopted. Since the distribution of
field plot data was normal, after normality test,
Spearman’s rank correlation coefficient (p) was
applied to ALS metrics to obtain the correlation
value of each metrics with field plot data. Only
metrics with significant correlation (p < 0.05)
were chosen and used for the development of
the model.

The development and establishment of the
model in estimating stand-level structure and
biophysical variables was done using multivariate
linear regression approach. In general, this
approach predicts the value of the dependent
variable (forest variables) based on multiple
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independent variables (ALS metrics). Forward
stepwise regression was applied to the selected
ALS metrics. A maximum of four independent
variables and variance inflation factors (VIFs)
were set and used to minimise the effects of over-
fitting and multicollinearity in the final model
(Lin et. al. 2011).

Model validation

The best model of each forest variables was
validated using leave-one-out cross-validation
(LOOCV) technique. This technique assesses the
accuracy of the predictive model by comparing
the values estimated by the model with field plot
data. This technique drops one field data and
uses another 39 field data to develop the model.
The model then estimates the variable of the
dropped field data. This process is repeated 40
times until each field plot data is dropped once.
An adjusted-R?, root mean square error (RMSE)
and bias were calculated and compared. The R
statistical environment was used for processing
and analysing and VIF’s package was used to
check the collinearity in the model (R Core
Team, 2017).

RESULTS

A summary of the structural and biophysical
estimation using field data is shown in Table 2.
The range values show that there were significant
variations in all of the parameters assessed,
especially AGB and S. Thus, a minimum of 40
field plots, where 75% were used for model
development while the remaining 25% were used
for validation, are adequate to develop the model.
Table 3 shows the Spearman’s rank correlation
coefficients between plot-derived metrics (Hm,
BA, Dg, AGB and S) and ALS-derived metrics,
respectively. Correlation of Hm to ALS metrics
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Table 3  Correlation coefficients (p) describing the strength of linear relationships between plot-derived
Hm, BA, Dg, AGB and S with ALS metrics

ALS metrics / forest variable Hm G Dg B S
Canopy height percentile metrics (m)

Elevation P01 0.20" 0.27" 0.13" 0.33* 0.06"
Elevation P05 0.34°* 0.55%:* 0.28" 0.58%#: 0.20m
Elevation P10 0.42%%* 0.73%* 0.36* 0.77%* 0.25"
Elevation P20 0.60%* 0.82%: 0.53%:* 0.85%#: 0.17m
Elevation P25 0.617+%* 0.83%*%* 0.56%%* 0.87%* 0.15"
Elevation P30 0.61%#* 0.84+* 0.56%* 0.88%#: 0.170s
Elevation P40 0.59%#:* 0.85%: 0.56%: 0.90%#: 0.17
Elevation P50 0.59%%* 0.85%*%* 0.57%* 0.90%%* 0.15"
Elevation P60 0.60%** 0.86%* 0.58%#:* 0.91%#:* 0.14"
Elevation P70 0.60%: 0.84% 0.57%#: 0.89%#: 0.13m
Elevation P75 0.62%* 0.827%%* 0.56%* 0.88%#* 0.13"
Elevation P80 0.60%** 0.81%* 0.54%#:* 0.87%#: 0.14"
Elevation P90 0.62%%* 0.77%* 0.55%%* 0.83%%* 0.12"
Elevation P95 0.61%#* 0.75%:* 0.55%* 0.827#: 0.09"
Elevation P99 0.59%#:* 0.70%* 0.55%: 0.77%% 0.06™
Canopy height metrics (m)

Elevation minimum 0.00s 0.00ms 0.00"s 0.00"s 0.00s
Elevation maximum 0.50m 0.59%* 0.51%* 0.67%* 0.02ns
Elevation mean 0.60* 0.84+* 0.56%* 0.90%#* 0.14"
Elevation mode 0.47m 0.65%:* 0.50%:* 0.71%* 0.06
Canopy height variability metrics (m)

Elevation SD 0.59%:* 0.62%* 0.48%:* 0.68%#: 0.02"¢
Elevation variance 0.59%* 0.62%* 0.48%* 0.68** 0.02ns
Elevation CV -0.45%* -0.72%* -0.33* -0.727% -0.297s
Elevation IQ 0.471%* 0.41%* 0.32% 0.48%#: -0.03"
Elevation skewness -0.507%* -0.75%* -0.44* -0.75% -0.21ms
Elevation kurtosis 0.18%:* 0.37% 0.21" 0.36* 0.09"
Canopy density metrics (%)

First returns above 1.00 (%) 0.327%% 0.48%** 0.29" 0.517#%* 0.16™
All returns above 1.00 (%) 0.25%* 0.42%* 0.23" 0.47%* 0.13"
First returns above mean (%) 0.43%* 0.68%** 0.45%* 0.68%** 0.22"
First returns above mode (%) -0.33%* -0.46%* -0.38% -0.49%:* -0.08"s
All returns above mean (%) 0.42%* 0.67:%* 0.44%* 0.68** 0.18
all returns above mode (%) -0.35% -0.48%* -0.41%* -0.51%* -0.07ns
All returns above 1.00 / total first

returns (%) 0.50%* 0.44+* 0.56%* 0.50%* -0.12ns
All returns above mean / total first

returns (%) 0.527%% 0.59%: 0.60%#:* 0.627%#: -0.027s
All returns above mode / total first

returns (%) -0.25ms -0.43%* -0.297s -0.46%* -0.11ms

Hm = mean height, BA = basal area, Dg = square mean diameter, AGB = above ground biomass, S = stand density; **p < 0.01,
*p < 0.05, ns = not significant (p > 0.05); SD = standard deviation, CV = coefficient variance, IQ = elevation interquartile

distance
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was moderate. Only five ALS derived metrics were
not passed at 0.05. The P75 and P90 gave the
highest correlation to Hm with a strength of 0.62.

Only two metrics of BA, POl and elevation
minimum did not pass the correlation test at 0.05
significance level. The G is strongly correlated
with canopy height percentile metrics with an
average correlation coefficient value of eight.
Only P01 (0.27) gave weaker correlation with
BA while P60 showed the strongest correlation
of 0.86. The ALS metrics responded moderately
on Dg where maximum correlation coefficient
values achieved were canopy density metrics of
all returns above mean over total first returns
(0.60). Seven ALS metrics did not pass the test
at 0.05 significance level.

The AGB had similar tendency as BA. Almost
all ALS metrics gave same or higher correlation
coefficient values than BA. Only elevation mean
gave non significance correlation with AGB.
The AGB was strongly correlated with canopy
height percentile metrics especially P60 with
a correlation of 0.91. Finally, S showed weak
correlation with all ALS metrics and none of the
ALS metrics showed significant correlation with
S. Canopy height variability metrics of elevation
covariance gave the highest correlation with S.
The correlation value achieved was -0.29; negative
symbol denotes an inverse relationship. An
exception was made for S where all metrics were
included in the model’s development in order to
produce the best model for S.

Muhamad-Afizzul M et al.

Overall, all ALS metrics showed some
correlation with Hm, BA, Dg, AGB and S except
for elevation minimum metric. The AGB and
BA showed strong correlation with ALS derived
metrices. Only S showed weak and non-significant
correlation to all metrics as compared to other
variables. Table 4 shows the summary of the best
model of each forest variable and the validation
results based on LOOCV method. The Hm
variable was best estimated by P70, P75, P80 and
percentage of all returns above 1 m over total
first returns, and percentage of all returns above
mean over total first returns. The adjusted-R? was
0.36 with RMSE values of 2.92 m. The BA was best
estimated using P40, P95, elevation interquatile
distance (IQ) and percentage of all returns above
mean with an adjusted-R? of 0.77. The RMSE of
BA model is 5.45 m? ha!. The best model for Dg
included P90, P99, the percentage of all returns
above mode and percentage of all returns above
1 m over total first returns, with an adjusted-R?
of 0.44 and RMSE of 6.07 m2.

The AGB was best estimated using two ALS
metrics, P60 and percentage of all returns above
1 m over total first returns. This model accounted
for 82% of variance within the data, with RMSE
of 71.12 mg ha. Finally, S was best estimated
using metrics from canopy density, which are
percentage of first returns above 1 m, percentage
of all returns above mean and percentage of all
returns above 1 m over total first returns. The
adjusted-R? for this model was 0.27. Canopy

Table 4  Summary of selected models and validation results for estimated variables
Forest Predictive model Fitting phase Cross-validation
variable R?  RMSE  Bias R’  RMSEcv  Bias
Hm -2.599 (P,) + 5.080(Py5) — 2.260(Py,) + 0.61 92.35 0.00  0.64 2.38 0.06
0.078 [all returns above 1 m / total first
returns (%)] - 3.090
BA 2.230(P,,) — 0.952(Py;) + 0.77 5.45 0.00  0.79 5.53 -0.04
1.177 (eElevation 1Q) — 0.135 [all returns
above mean (%)] + 12.227
Dg -1.188(Py,) + 1.562(Pyy) — 0.063 [all 0.44 6.07 0.00  0.55 6.16 -0.04
returns above mode (%)] + 0.189 [all
returns above 1 m / total first returns
(%)]1-18.952
AGB 20.247(Pg,) — 1.192 [all returns above 1 0.82 71.12 0.00  0.84 72.10 -0.20
m / total first returns (%)] + 36.316
S 59.274 [first returns above 1 m(%)] + 0.27 149.48 0.00 0.30 151.60 -0.35

5.847 [all returns above mean (%)] —
5.829 [all returns above 1 m / total first
returns (%)] —4739.695

Hm = mean height, BA = basal area, Dg = square mean diameter, AGB = above ground biomass, S = stand density
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density metrics seem important since all the
best models used one of the ALS metrics in this
category, as shown in Table 4.

Overall, the adjusted-R? was slightly improved
during cross-validation phase as compared to
fitting phase, indicating that the final model
of each forest variable is not overfitted and can
be used to estimate forest variables. The Dg’s
model showed a huge difference of adjusted-R?
between fitting and cross-validation phases. The
RMSE,, improved with increasing adjusted-R®.
The errors were relatively low for Hm, AGB and
Dg. Plots predicted against reference values for
Hm, BA, Dg and AGB showed little apparent bias
(Figure 3). Bias values for Hm, BA, Dg, AGB and
S obtained during cross-validation phase were
0.06 m, -0.04 m? ha!, -0.04 m, -0.20 mg ha' and
-0.35 stem ha! respectively.

The use of ALS data in estimating forest
structures and biophysical parameter in tropical
ecosystems would become more apparent in the
near future as this technology provides insight
into the forest condition. Structure of the forest

Muhamad-Afizzul M et al.

can be seen visually and statistically, as shown in
Figure 4. Disturbed forest would have different
stand structure as compared to mature and old
growth forest. The ALS metrics generated by
FUSION’s software provides detailed information
on forest structure at plot level, allowing better
prediction on Hm, BA, Dg, AGB and S variables.

The results obtained in this study have shown
the potential use of RIEGL LMS-Q560’s product
in predicting several variables, especially BA and
AGB. The AGB was predicted with a high degree
of precision (adjusted-R? of 0.82). The results
were comparable with other studies conducted in
tropical forest, whose adjusted-R? typically ranged
from 0.74 to 0.90 (Clark et al 2011, Hernandez-
Stefanoni et al. 2014, Loki et al. 2014, Vega et
al. 2015, Kim et al. 2016, Coomes et al. 2017, El
Hajj et al. 2017). The AGB was expected to have
higher precision of prediction since most of the
previous studies yielded best results not only in
tropical but also in the temperate forest (Clark et
al 2011, Crespo-Peremarch et al. 2016). However,
several studies yielded moderate precision, whose
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Canopy height
Percentile metrics (m)
P01: 0.22 P60: 9.66
POS5: 0.18 P70: 1049
P10: 085 P75:11.03
P20: 594 P80: 11.71
P30: 6.75 P90: 1353
P40: 737 P95: 1458
P50: 830 P99:17.10

Canopy height &
variability metrics (m)
Elev.mean : 866
Elev.mode : 001
Elev. SD : 389
Elev. variance :15.17
Reference field Plot data : Elev. CV . 045
Hm(m) :556 Dg(cm) :12.17 S (Stemha):419.99 Elev. IQ : 428
G(m*ha?): 4.88 B(mgha?):35.57 Elev. kurtosis : 3.06
Canopy height
Percentile metrics (m)

P01: 0.04 P60: 1653
P05: 295 P70:17.82
P10: 626 P75: 19.06
P20: 996 P80: 20.00
P30: 120 P90: 2233
P40: 139 P95: 2396
P50: 153 P99: 2642

Canopy height &
variability metrics (m)
Elev.mean 11474

o Guaty Elev.mode :16.08

Elev. SD : 6.05

Elev. variance :36.58

Reference field Plot data : Elev. CV : 041
Hm(m) :1486 Dg(cm) : 2140 S (Stemha):612.75 Elev.IQ : 805
G(m?ha?):22.03 B(mgha?):21236 Elev. kurtosis : 2.84

(c) Canopy height

percentile metrics (m)

-
P Cosany

Reference field Plot data :
Hm(m) :20.61
G (m?ha?): 39.79

Dg(cm) : 4117
B(mgha):596.37

S (Stemha'*) : 298.86

P01: 0.02 P60: 39.00
P05: 1.88 P70:41.70
P10: 923 P75: 4242
P20: 208 P80: 43.06
P30: 255 P90: 4463
P40: 320 P95: 45.67
P50: 359 P99: 46.65

Canopy height &

variabilitymetrics (m)
Elev.mean :31.78
Elev.mode :14198

Elev. SD :13.24
Elev. variance :175.2
Elev.CV : 042
Elev. IQ 11696

Elev. kurtosis : 3.00

Figure 4

Metrics associated with the vertical distribution of ALS returns in three selected field plots (a)

disturb forest, (b) mature forest and (c) old growth forest; Hm = mean height, BA = basal area,
Dg = square mean diameter, AGB = above ground biomass, S = stand density; P = elevation height,
Elev = elevation; SD = standard deviation, CV = coefficient variance, IQ = interquartile distance

© Forest Research Institute Malaysia

319



Journal of Tropical Forest Science 31(3): 312-323 (2019)

adjusted-R? ranged from 0.46 to 0.63 (Cao et
al. 2016, Ferraz et al. 2016). This is due to the
different approaches and parameters used in
their studies.

Model prediction for BA had good precision
with adjusted-R? of 0.77, which was higher than
the study by Palace et al. (2015). However, the
result was comparable with their study using TLS
data in predicting BA (adjusted-R? of 0.75). The
result was also comparable to studies carried out
in the temperate forest with adjusted-R? values
ranging from 0.55 to 0.93 (Ruiz et al. 2014,
Crespo-Peremarch etal. 2016, Ferraz etal. 2016).
A good prediction of BA gives an overview of the
standing trees in the area. Higher BA indicates
that larger trees dominate the area. This provides
valuable information for forest management in
estimating timber volume for harvesting. Mature
and old forest generally would have higher BA
values compared to young forest.

The Dg was predicted with lower precision
(adjusted-R? of 0.44) as compared to other
studies carried out in pine forest (adjusted-R?
of 0.85), Douglas-fir plantation (adjusted-R? of
0.86) and tropical forest (adjusted-R? of 0.51).
However, the differences within a tropical forest
is minimal. Large differences were observed
between tropical forest with pine and plantation
forest, due to different structure and composition
of tropical forest as compared to pine and
plantation forests (Watt et al. 2013, Palace et al.
2015, Montealegre et al. 2016).

As for Hm, the model had a moderate
precision with an adjusted-R? of 0.61. The result
is lower compared to other studies conducted in
pine forest, whose adjusted-R? typically ranged
from 0.75 to 0.96 (Stone et al. 2011, Gonzalez-
Ferreiro et al. 2012, Treitz et al. 2012, Watt et al.
2013, Ediriweera et al. 2014, White et al. 2015).
This may be due to variations of tree heights
in dense tropical forest as opposed to pine
forest that makes the prediction of Hm a lot
harder. The accuracies in the estimation of total
height during field inventory activities may also
introduce error in this model due to difficulties
in allocating top height of the trees.

The S was predicted with the lowest degree
of precision as compared to other variables
(adjusted-R? of 0.27). The model precision is
lowered when compared to studies carried out
by Palace et al (2015) (adjusted-R? of 0.43) and
Palace et al (2016) (adjusted-R? of 0.50). The
use of ALS metrics in predicting S may not be
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suitable. A single tree delineation approach may
produce better results in predicting S. However,
higher points density is also needed in order to
capture understorey trees and produces better
estimates.

DISCUSSION

The modified design of field sampling from
Winrock International works well, especially for
BA and AGB. The model for AGB was expected
to perform well since the inventory technique
was originally designed for estimating biomass.
Sampling design may not be one of the factors
affecting the precision of predicting Hm, Dg
and S. Other studies conducted in the tropical
forest also show similar accuracy although their
approaches in field inventory differ from the
approach taken in this study (Omar and Misman,
2018).

A time delay (i.e. ~1 year) between ALS data
acquisition and field inventory did not affect
the predictions of Hm, BA, Dg, AGB and S, as
the study site did not differ considerably during
the period. No logging activities were carried
out in the study area as it was gazetted as an
eco-edutourism park. Several aspects can be
considered in order to improve the prediction of
these variables. The use of higher point density
ALS data may give a better prediction. Higher
point density would give higher chances of ALS
points to penetrate the canopy layer resulting
in better information on the structure of the
understorey layer.

Another aspect of improving the prediction
of these variables is the processing approaches.
Exploring other methods in predicting these
variables would be of great interest in order to
obtain the highest accuracy possible. Several
studies have been carried out using other
approaches in predicting Hm and S (Dandois
and Ellis 2010, St-Onge et al. 2015, Wallace et
al. 2016, Heinzel and Huber 2017). The use of
other techniques such as non-linear regression,
random forest, machine learning and others
can be explored further in order to improve the
prediction of forest variables. A similar study
should also be conducted in other places such as
hill, upper hill and montane dipterocarp forest
with differences in structure and composition.
The results may vary from the results obtained
in this study.

320



Journal of Tropical Forest Science 31(3): 312-323 (2019)

Although some of the models developed
showed better performance in estimating stand-
level structural and biophysical variables of
lowland dipterocarp forests, there are several
limitations of using ALS data to estimate these
variables. First, limited number of sampling
points (40 field plots) were used to develop the
model. Thus, the variations of forest parameters
may be smaller than anticipated. The developed
models usually perform poorly if the value that
the model needs to predict is outside the range.
Increasing the number of sampling points may
give more variations of forest variables and
improve the performances of the model.

Second, the developed model is limited to
predicting lowland forests with similar conditions
to test site, which are ALS data specification,
forest types and logging history. Since ALS data
was captured using a specific sensor and height
during data acquisition, the model developed
in this study can only be applied to ALS data
from other sites with similar specifications.
Furthermore, structure and composition of
lowland forest differ from hill, upper hill and
montane forests, which makes the model non-
applicable for these types of forests. Besides,
logging history also plays an important role
as it affects the structure and composition of
the forest. There are 14 stratas, comprising
of various structure and composition, which
can be divided, for inland forest of Peninsular
Malaysia (FDPM 2014). The chosen study site
only comprised one strata, which is strata 1
(virgin forest: lowland and hill forest). Thus,
the model developed in this study may not give
accurate results when estimating forest variables
of other stratas. A robust model that caters to all
these variations should be developed for better
predictions of forest variables. However, it will
require a substantial amount of time, manpower
and money to achieve it.

CONCLUSION

The use of airborne LiDAR data has proven its
potential in estimating stand-level structural
and biophysical variables of lowland dipterocarp
forests. The final model for BA and AGB
performed well with adjusted-R? of 0.77 and
0.82 while models for Dg and Hm performed
moderately with adjusted- R? of 0.44 and 0.61.
However, ALS data did not perform well in
estimating S with adjusted-R? of 0.27. Although
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each model performed differently, the results
were comparable to previous studies, but low
in comparison with temperate and plantation
forests. Many factors contributed towards
such differences such as forest types, LiDAR
point intensity and approaches in model
development. Further improvement can be made
for better estimation of stand-level structural
and biophysical variables of lowland dipterocarp
forests by catering for the above factors. Besides
field inventory method, ALS data can provide
an alternative way in estimating forest structure
and biophysical variables at larger coverage,
improving the efficiency of monitoring and
managing the forest.
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