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The study was conducted to derive a functional relationship between airborne laser generated forest
profile area and ground-based leaf area index (LAI) for extensive estimation. Subsequently, LAI was
estimated by applying parameterized derived equations to the laser data covering a 384 ha temperate
forest in Ehime, Japan. There is a growing demand for accurate estimates of LAI in larger areas due to
its role in monitoring climate change and forest productivity. However, due to complicated nature of
terrestrial vegetation and rapid land use changes, accurate and precise estimation of LAI has been a
challenge. Although, the functional relationship of laser-generated profile area (S) and forest biomass
(W) is well established, the relationship with LAI is still at infancy. In this research, a function relating
LAI and S was derived with an improved estimation of LAI, RMSE = 1.32 and Bias = 0.21. Our results
showed reasonable agreement between Laser estimated and field derived LAI, r = 0.6 (p = 0.014). This
study covered a small area and validation of the findings in larger scale could be recommended.
Key words: Airborne laser altimetry (ALA), leaf area index (LAI), forest profile area, climate change, remote
sensing.

INTRODUCTION
Leaf area index (LAI) defined as one-half of the total leaf
area per unit ground surface area (Fournier et al., 2003)
is an important canopy variable needed for many
physiological and ecosystem studies. It has been related
to canopy interception, transpiration, net photosynthesis
and net primary productivity (Pierce and Running, 1988;
Gower and Norman, 1991). The ability to rely on a
measurable variable that will remain consistent from one
scale to another is important in regional as well as in
global scale assessment and monitoring (Enquist and
Niklas, 2001). In this point of view, LAI is a convenient
and ecologically relevant variable for multi-scale
estimations that range from leaf to region. Accurate
estimations of leaf area over extensive areas are crucial
in land surface schemes for climate models (Sitch et al.,
2008; Stockli et al., 2008), and models of global

phenology (Kang et al., 2003; Arora and Boer, 2005).
Furthermore, demands for accurate estimations of LAI at
regional, national and even global levels are increasing
after being recognized as a vital boundary input in global
circulation models (GCM) for projection of global
warming.
The ability to measure accurately and precisely
structural and functional changes of forest ecosystems in
time and space, is increasingly gaining global attention,
recognizing the forest role in regulation of global
atmospheric changes. However, due to complicated
nature of terrestrial vegetation and rapid land use
changes, accurate and extensive assessment of forest
are rather cumbersome, time consuming and expensive
when using conventional forest methods. As the need for
quantity and quality of information increases, remote
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sensing becomes a powerful tool in forest planning and
management. Satellite data have been used to estimate
LAI based on relationships between remote sensing data
and LAI field measurements. The vegetation indices,
derived from satellite images, have been significantly
correlated to LAI for a wide range of forest types
(Spanner et al., 1994; Fassnacht et al., 1997; Wulder et
al., 1998). However, regardless of improvement of spatial
and spectral resolutions, the inability of spectral imagery
to characterize adequately the vertical structure of forest
canopies is still a limitation in application of this
technology (Hall et al., 1996; Hasegawa et al., 2006).
Therefore, to bridge the gaps, the use of airborne laser
altimetry (ALA), which provide three dimensional
information of forest characteristics, has increased rapidly
in past few decades (Lefsky and Cohen, 2003). Laser
altimetry operates by measuring the vertical profile in vast
areas through converting lapsed time between emitted
pulses from laser altimeters and returning signals from
the target objects, whether vegetation or ground
surfaces. Laser technology can directly measure the
vertical distribution of tree canopies and provide highly
accurate
forest
profile
height
and
structure.
Consequently, standing stock and biomass has been
derived (Nelson et al., 2004; Lefsky et al., 2001).
Kusakabe et al. (2000) tried the indirect estimation of LAI
in extensive boreal forests through correlation of LAI with
standing stock and not directly with laser derived
estimations. Strong correlation between ground
measured timber stock and laser estimations has been
achieved in the temperate forest of Japan (Tsuzuki et al.,
2008; Ioki et al., 2010).
However, studies on relationship of LAI with laser
metrics in temperate and tropical forests are not
available. The aim of this study was to establish the
theoretical relationships between LAI and laser metrics,
and to estimate the LAI of one particular forest, Ehime
University Experimental Forest, Japan.

MATERIALS AND METHODS
Study site and laser profiling
The study was conducted in a 384 ha secondary temperate forest
with an altitude ranging from 500 to 1200 m above sea level. The
dominant tree species are Cryptomeria japonica (sugi),
Chamaecyparis obtusa (hinoki) and mixed deciduous and
evergreen broadleaf tree species. The laser data used for this study
was obtained in September 2005, using NASA’s portable airborne
laser systems (PALS). PALS operation technology (Nelson et al.,
2003) was designed to collect forest profile measurements along
linear flight transect in extensive (landscape) areas beyond plot and
stand levels. In the aforementioned mission, a helicopter fitted with
PALS was flown about 200 m above ground, at a nominal cruising
speed of 180 km/hr, with an alternating first/last pulse altimetry data
retrieval frequency of 400 Hz. This translates to a nominal
horizontal measurement of about 0.13 m along the flight track.
Seven North to South laser transects of about 4000 m long, and
approximately 250 m apart, were obtained.

The main output of ALA was three dimensional data; latitude (°N),
longitude (°E) and elevation (m). They were converted to comma
separated values (csv) in MS-Excel, and later to keyhole markup
language (KML) file format through csv2kml.exe software, aiming at
achieving seven laser lines in Google earth. Since the primary data
included reflections from canopy and ground surfaces, that is, first
and last laser return, a continuous ground profile was obtained by
fitting cubic spline interpolation curve of suspended topographic
surface reflections using JMP v. 9 statistical software.
Thereafter, topographic profile was subtracted from canopy
surface profile to get the forest/vegetation profile after calibration
with ground measured LAI (Figure 1). A series of ground surveys
were conducted along the flight paths in model development,
aiming at correlating the vegetation profile with actual LAI.
Ground survey
We viewed video tape movie recorded during laser profiling mission
in order to have an in-depth overview of vegetation and topography
of the study area. Locations of tie-in-points (TIPs) were identified to
assist in accessibility and location of plots. Such points included
logging roads, ridges, rivers and other land marks which were
conspicuously visible. Laser line two, four and six were selected
and compared with video tape movie for possible location of plots
along the lines. The three lines were selected because they were
representative in terms of stand age, species type and range of
altitude within the study area. Factors such as type of species,
vegetation profile height and accessibility were considered when
locating sample plots. Video print-outs were prepared for all
necessary TIP’s to guide during actual data collection.
Flight path direction and bearing were determined through
generating laser lines in a simple scatter smooth lines graph, with
eastings on the x-axis and northing’s on the y-axis. With an
estimated 1°C change in northing’s being equivalent to 112 km
(considering the radius of the earth about 6,415 km); we calculated
distance and bearings of all the sections of interest which
corresponded with preliminary plot locations. Using a hand-held
global positioning system (GPS), topographical map of 1: 25,000
scale, a compass corrected for magnetic declination of 6.5°C for
Matsuyama
region
and
other
materials
prepared
as
aforementioned, flight path navigation was carried out to locate
plots. We determined topographical slope angle and ground
distance using vertex laser. Stand boundaries and species
composition were also determined during the mission. After the
navigation exercise, a total of nineteen plots (nine plots for broad
leaved, six plots for C. japonica and four representing C. obtusa)
were selected for data collection.
Non-fixed sample plots were established through measuring
height of three randomly selected trees in each of the proposed
nineteen plots. Arithmetic mean of the sample tree heights was
squared and plot area approximately equal to squared mean stand
height was established. Strip plots were preferred since laser
profiling data was collected in a linear flight transect. After plot
demarcation, GPS points were taken at the center of plot widths
and diameter at breast height (dbh) of all trees above a dbh of 5 cm
was measured.
Using dbh data of trees measured in the sample plots as a guide
of representative sizes of trees, twenty two trees, including C.
japonica (6), C. obtusa (8) and mixed broad leaf species (8), were
selected for destructive sampling within the study areas. Before
felling, dbh was measured. After felling, determination of leaf areas
of broad leaf species and C. obtusa was carried out through
detaching leaves from branches and twigs and weighing fresh
weight. A sub-sample of leaves about 200 g was randomly
collected and weighed. The leaves were then scanned with canon
scan Lide 600 F as graphic images and leaf area analyzed using
Image J, a public domain Java-based image processing developed
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Figure 1. Illustration of airborne laser profiling and processing of vegetation profile; Main components
in Portable Airborne Laser Systems fitted in aircraft include Infrared Laser Altimeter (ILA), Video Tape
Recorder (VTR) and Differential GPS.

in the National Institute of Health, USA. The ratio of leaf area to
sub-sample fresh weight was used to estimate leaf area of
individual tree from total fresh weight of leaves. Allometric equation
was formed by regressing sample tree’s dbh to leaf area as shown
in Figure 2, with parameters fitted through nonlinear least square
method (Equation 1);

y = a(dbh)b

(1)

where y is leaf area, a and b were parameters fitted by ground
based measures of leaf area (Shinozaki et al., 1964; Gregoire et al.,
1995; Turner et al., 2000). The parameterized Equation 1 was then
used to estimate total plot leaf area using measured stem’s dbh in
each plot. LAI was then obtained as a ratio of the total one-side leaf
area in the plot to the ground plot area.
Due to morphological differences of C. japonica leaves (needles)
from the other tree species, a different approach was used to
measure projected area instead of one-side leaf area. Sample
tree’s dbh ranged from 7.0 to 39.0 cm. After felling, total height and
base height up to the first alive primary branch was measured. This
was followed by consecutive base height measurement of all
primary branches of the tree and also base diameter of all those
branches. The crowns were divided into six horizontal layers of
approximately uniform depth and at each boundary, sample
branches were selected and cut. All green shoots were detached
from the sample branches and weighed. A sub-sample of shoots
were collected and taken to laboratory for further measurements,
whereby diameter and length of sub-sample shoots was measured
and all needles clipped. We measured the needles length using a
caliper and the base dimensions using microscope fitted with
micrometers. Leaf area of a single needle was estimated by adding

surface areas of all the four faces and then added up for the whole
sub-sample. The ratio of leaf area to sub-sample shoot weight was
used to estimate leaf area of sample trees. Allometric equation was
formed using sample tree’s dbh against leaf area as shown in
Figure 2, which was then used to estimate plot leaf area using the
measured stem’s dbh in each plot. Finally, the LAI of C. japonica
was calculated in the same way as for other species.
Laser data were collected in 2005 and ground survey carried out
in 2010. The adjustment of time gaps between laser measurements
and ground survey relationship was performed with forest inventory
data carried out in 2000 containing stand biomass and age.
Parameters were fitted to get theoretical growth equations as
described by Sweda et al. (1984) and Draper and Smith (1998).
Deriving a function for
vegetation profile area

relationship

between

LAI

and

We explored Beer-Lambert’s law and dimensional analysis to find a
reasonable function for the relationships of ground-based and laser
estimated LAI. According to Beer-Lamberts Law, light transmittance
decreases exponentially when it passes through a media. The
application of this law in forestry was originally proposed by Monsi
and Saeki (1953) and reviewed by Tadaki (2005). It has been
widely applied in indirect estimation of LAI using optical light
sensors. However, studies of Breda (2003) and Moser et al. (2007),
indicate that these indirect methods are limited to small areas, they
underestimate LAI in larger areas and fail to function properly in
dense multilayer canopies. Therefore, mensurational application
and laser technology has been suggested in this paper to
complement Beer-Lambert’s law in landscape estimation of LAI. In
forest environment, the amount of leaf area is proportional to
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a) Chamaecyparis obtusa

b) Cryptomeria japonica

c) Broadleaf species

Figure 2. Leaf area allometric equations for a) Chamaecyparis obtusa,
b) Cryptomeria japonica and c) broadleaf species.

crown depth (dc) and consequently proportional to forest height
(Mencuccini and Grace, 1994; Clark et al., 2008). Furthermore,
mean vegetation height (h) is approximately equal to mean S
(Equation 2):

h=

∫

b

a

h ( x ) dx / b − a = S

(2)

where x is distance along flight course, while a and b are values
along x. The LAI increases with dc and thus with S, but remain
constant at dc climax, according to Beer-Lambert’s law.
Furthermore, LAI increases in proportion with the growth allowance
bounded by the maximum crown depth set by Beer Lambert’s law
(Figure 3). This assumes that LAI has an upper limit, which is
important to calculate. Theoretically, the rate of LAI increases at
any given S proportionally to the difference between the upper limit,
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Figure 3. Generalized illustration between LAI and vegetation/forest profile area.

say L, and the amount of LAI, say y, achieved by that situation, as
shown in Equations 3 and 4.

dy dS = k ( L − y)

(3)

where, k is rate of intrinsic increase of LAI. Integrating Equation (3)
gives

LAI= L(1−e−kS)

(4)

Figure 3 illustrates generalized theoretical illustration of derived
function. The goodness of the model was evaluated by root mean
square error (RMSE) and bias (Helskanen, 2006) which was
calculated as shown in Equations 5 and 6, respectively;
n

∑(y − yˆ )

2

i

RMSE=

i

i=1

n

(5)

n

∑
Bias =

( y i − yˆ i )

i =1

n

(6)

ŷ

Where yi is the observed, i is the estimate of leaf area and n is
the number of the observations.

RESULTS AND DISCUSSION
Using Equation (4), parameters were fitted using
nonlinear least square method with JMP ver. 9 Statistical
software through iterative process until selected values
converge. A model was plotted with LAI of all plots on the
y-axis and S on the x-axis (Figure 4). The model clearly
shows that theoretically the upper limit of LAI in the study

area is achieved around a mean value of 10.7, when all
species are combined beyond which no increase of LAI is
expected. However this value should be taken as
preliminary, since the sample size was rather small.
However, as there is no other existing research in the
study area, this value can be used as a point of reference
in short term management programmes or as an
important reference for future studies. Actually, the
significant log-transformed correlation of 0.6 (p = 0.017)
indicated that derived function is equally good for
estimation of LAI.
The legitimacy of derived function (Equation 4) was
illustrated by plotting estimated LAI against real LAI for all
the sample plots as shown in Figure 5. The solid diagonal
trend line represents regression constrained to pass
through the origin, while the broken trend line is the best
fit regression without any constraints. The degree of
dispersion of relationship between real and laser
estimated LAI is less than expected value (1.0) - solid line
at Figure 5. The real and laser estimated LAI are
significantly correlated (r = 0.6 and p = 0.014). The
underestimation of the actual LAI is limited to a lower
boundary and overestimation to the upper one. This
could be due to random variation resulting from the
choice of sample plots or to the methods used in ground
truthing.
However, the bias seems to be consistent, with
underestimation and overestimation at lower and upper
limits, respectively, with a possibility of an appropriate
estimation. The RMSE and bias of 1.32 and 0.21
compares well with studies of Tang et al. (2012);
Richardson et al. (2009) and Jensen et al. (2009) who
used recent technologies in estimation of LAI in larger
areas. Our results showed that ALA slightly
overestimates LAI of real plot averages for about 0.2.
This portrays the potential of ALA to estimate LAI over
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the extensive areas. Roberts et al. (2005) also reported
overestimation of leaf area, although the study only
involved estimating individual tree leaf area using laser
metrics.
Using parameterized equations in Figure 4 and mean
vegetation profile area of seven lasers transects, mean
LAI was estimated at 8.3. This value compares well with
other studies in the boreal and temperate forest as
reviewed by Zheng and Moskal (2009). These

estimations can also be regarded as reliable. A review of
89 research studies of LAI in Japanese forests, using
direct and indirect ground methods in different regions,
showed that LAI of conifer forests ranged from 5 to 10,
and of broadleaves from 5 to 9 (Tadaki, 1977). The
ground truth average LAI, which was used to calibrate
laser derived vegetation profile, was 7.8 which, is actually
within the range of existing literature. With the looming
threat to mankind due to global warming currently

Kigomo et al.

underway, monitoring the climate change through
modifications in extensive terrestrial vegetation has the
paramount importance in choice of appropriate forest
resource management to counter climate change.
However, the minute changes are difficult to capture by
ordinary conventional forest inventory methods on
sample plot basis as described by Tadaki (1977); Breda
(2003), since local environmental changes, may also
affect dynamics of forest structure and composition. The
results from such small scale monitoring could be rather
ambiguous over extensive areas.
Results of this study have demonstrated that ALA is a
reliable method for application in forest sector. It’s
therefore expected that transition from research to
practical application of airborne laser technology in
forestry at diverse scales will increase in near future if the
forest planners and policy makers consider this
technology in their operations. Since ALA records data in
a linear method, amalgamation with multi-spectral digital
imagery could promote this technology to a realistic
alternative to traditional forest inventory methods. With
the improvements of new generation laser sensors, which
have the capacity to record multiple returns and higher
pulse rates, the estimation accuracy of even more
biophysical forestry characteristics could be improved.
Conclusions
In this research, an important function relating LAI and
vegetation profile area was derived for extensive
estimation which can be parameterized with data from
different regions. Although the study only covered a small
area, it has proved that ALA not only estimates the
biomass in extensive areas with high precision, but also
LAI. We recommend validation of these results in larger
areas, covering different geographical regions.
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