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As an important metric for describing vertical forest structure, the plant area index (PAI) profile is used
for many applications including biomass estimation and wildlife habitat assessment. PAI profiles can be
estimated with the vertically resolved gap fraction from airborne LiDAR data. Most research utilizes a
height normalization algorithm to retrieve local or relative height by assuming the terrain to be flat.
However, for many forests this assumption is not valid. In this research, the effect of topographic normal-
ization of airborne LiDAR data on the retrieval of PAI profile was studied in a mountainous forest area in
Germany. Results show that, although individual tree height may be retained after topographic normal-
ization, the spatial arrangement of trees is changed. Specifically, topographic normalization vertically
condenses and distorts the PAI profile, which consequently alters the distribution pattern of plant area
density in space. This effect becomes more evident as the slope increases. Furthermore, topographic nor-
malization may also undermine the complexity (i.e., canopy layer number and entropy) of the PAI profile.
The decrease in PAI profile complexity is not solely determined by local topography, but is determined by
the interaction between local topography and the spatial distribution of each tree. This research demon-
strates that when calculating the PAI profile from airborne LiDAR data, local topography needs to be taken
into account. We therefore suggest that for ecological applications, such as vertical forest structure anal-
ysis and modeling of biodiversity, topographic normalization should not be applied in non-flat areas
when using LiDAR data.
� 2017 Published by Elsevier B.V. on behalf of International Society for Photogrammetry and Remote

Sensing, Inc. (ISPRS).
1. Introduction

A plant area index (PAI) profile is a quantitative description of
how vegetation, including foliage and woody materials, is dis-
tributed vertically, and is expressed as a function of height
(Bergen et al., 2009; McElhinny et al., 2005). In forest ecosystems,
the vertical distribution of plant canopies can influence several
processes, such as radiation interception (Parker et al., 2001), pat-
terns of infiltration and evapotranspiration (Farid et al., 2008), soil
erosion (Nanko et al., 2008), and nutrient cycling (Tateno et al.,
2004). In forest inventory, PAI profiles have been successfully used
to estimate variables such as biomass (Drake et al., 2002; Lefsky
et al., 2002; Stark et al., 2012), canopy height (Lefsky et al.,
1999), and basal area (Lefsky et al., 1999), all important in forest
inventory and stand management. In forest ecology studies, PAI
profiles also play an important role. The vertical distribution of
foliage is one of the most widely used variables in forest biodiver-
sity research, especially in wildlife habitat modeling, such as for
bird and bat species (Brokaw and Lent, 1999; Goetz et al., 2007;
Jung et al., 2012; MacArthur and MacArthur, 1961; Muller et al.,
2013; Vierling et al., 2008). PAI profiles have also been used for car-
bon stock modeling (Kotchenova et al., 2004; Lefsky et al., 2005;
Shugart et al., 2010), and mapping of forest succession stages
(Falkowski et al., 2009).

Canopy layering derived from a PAI profile is a useful variable in
forest ecology. Canopy layering refers to the clumped vertical dis-
tribution of vegetation within different height categories
(Hollinger, 1989). The number of canopy layers is a categorical
variable describing the complexity of forest vertical structure. It
is a vital attribute that determines habitat quality and quantity
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for many forest-dwelling organisms (Allee et al., 1949; Franklin
and Spies, 1991; Humphrey et al., 1999). In addition to canopy lay-
ering, the entropy of a PAI profile is a continuous variable describ-
ing the complexity of the vertical forest structure. Some
researchers have used Shannon’s entropy to measure the vertical
complexity of a forest (MacArthur and MacArthur, 1961; Stark
et al., 2012; Treuhaft et al., 2009), and further used it to predict bio-
diversity (MacArthur and MacArthur, 1961). Large entropy values
indicate a more continuous plant area density across the profile
(Stark et al., 2012). According to the niche differentiation concept,
more species could then be supported through partitioned niche
space (Tews et al., 2004). A larger entropy value may thus imply
that more niches become available for biodiversity (Bergen et al.,
2009).

Mapping PAI profiles is beyond the capability of traditional air-
borne and spaceborne optical remote sensing techniques
(Morsdorf et al., 2010; Popescu et al., 2002; Weishampel et al.,
2000). However, Light Detection and Ranging (LiDAR) technology
has the advantage of estimating forest vertical structure (Hyde
et al., 2005). Both waveform LiDAR (Armston et al., 2013;
Harding et al., 2001; Lindberg et al., 2012; Ni-Meister et al.,
2001; Tang et al., 2014; Zhao et al., 2013) and discrete return LiDAR
(Coops et al., 2007; Hopkinson and Chasmer, 2009; Riaño et al.,
2003) have been successfully used to calculate gap fraction and
PAI profiles. This has been generally conducted through estimates
of the vertically resolved gap fraction from airborne LiDAR data.
The cumulative projected PAI can then be estimated as a function
of height by a logarithmic transformation to the gap fraction profile
(Aber, 1979; Lovell et al., 2003; MacArthur and Horn, 1969). The
derivative of the cumulative projected plant area index is then
attained and serves as PAI profile.

In many previous studies, prior to calculating PAI profiles from
airborne LiDAR data, a topographic normalization was conducted
(Andersen et al., 2005; Coops et al., 2007; Hilker et al., 2010;
Kane et al., 2014; Palace et al., 2015). A normalized point cloud is
generated by subtracting the ground elevation from the original
ellipsoidal height (sea level height) of each return. Thus, a local
or relative height is established. This process is quite similar to
the generation of normalized digital surface model (nDSM) or
canopy height model (CHM), through subtracting a digital terrain
model (DTM) from a digital surface model (DSM). Both the normal-
ized point cloud or normalized raster image nDSM are representa-
tions of objects rising from the terrain approximately put on a
plane (Haala and Brenner, 1999). However, local topographic
change is neglected, and a flat local terrain assumption is implied
for all the vegetation above. Unfortunately, in mountainous forests,
this assumption is often not valid. Previous research has shown
that neglecting topography will cause errors to LiDAR derived indi-
Fig. 1. Schematic illustration of how local topography affects vertical plant area distrib
spatial distribution of plants on different local topography conditions. Differences in the
vidual tree metrics such as canopy height (up to 1.78 m) and tree
top location (up to 1.80 m), especially for trees with an irregular
crown pattern and weak apical dominance (Khosravipour et al.,
2015; Véga and Durrieu, 2011). To date, no research has been con-
ducted examining how topographic normalization will affect the
retrieval of PAI profiles and its derived metrics.

An illustration of how topography affects the vertical plant area
distribution can be seen in Fig. 1. Tree shape and height are consis-
tent across all three plots, while the local topography as well as the
spatial distribution of trees are different. Since the total vegetation
remains consistent in all three plots, the total PAI of these three
plots is the same. However, as the plant area has different vertical
distribution, the PAI profiles are also different. In this case, the
direct and diffuse radiation distribution, absorption of photosyn-
thetically active radiation (PAR), and canopy reflectance in these
plots are also different (Wang and Li, 2013). The dissimilar vertical
distribution of direct radiation and diffuse radiation further leads
to different gross primary production (GPP) accumulations and
vertical biomass accumulation (Kotchenova et al., 2004). Therefore,
ecologically, the three plots in Fig. 1 have different radiation
regimes and local climate. However, using topographic normaliza-
tion, plot (a) and plot (b) will be normalized and become equiva-
lent to plot (c) regarding their PAI profile.

The objectives of this research are to (1) determine the differ-
ence between PAI profiles before and after topographic normaliza-
tion of LiDAR data; (2) evaluate how the metrics derived from the
PAI profile (i.e., vertical extent, canopy layer number and entropy)
change due to topographic normalization, and (3) explore the rela-
tionship between the degree of change and local topography.
2. Materials and method

2.1. Study area

The study area is located in the Bavarian Forest National Park, a
temperate forest in southeastern Germany. This park was chosen
as the study area due to its diverse forest structure and airborne
LiDAR data availability. The park covers an area of 243 km2. The
topography is largely comprised of gentle slopes, with the eleva-
tion ranging from about 600 to 1450 m (Fig. 2). The main land
cover classes include coniferous forest (young, medium, mature),
deciduous forest (young, medium, mature), mixed forest (young,
medium, mature), meadows (cultivated, natural, wetlands), lying
deadwood, and standing deadwood. Dominant tree species in the
study area are Norway spruce (Picea abies) (67%) and European
beech (Fagus sylvatica) (24.5%). The study area encompasses a mix-
ture of forest types with high structural complexity, Above 1100 m
ution. Three plots (a), (b), and (c) with the same trees and plant area but different
vertical structure of the three plots are eliminated after topographic normalization.



Fig. 2. Study area (Bavarian Forest National Park) location in Germany and the location of the 33 selected plots.
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subalpine spruce forests are found containing Norway spruce
(Picea abies) and occasionally mountain ash (Sorbus aucuparia).
Between 600 m and 1100 m, mature mountain mixed forests with
Norway spruce, white fir (Abies alba), European beech (Fagus syl-
vatica) and sycamore maple (Acer pseudoplatanus) occur. Wet
depressions in the valleys harbor highly mixed forest with Norway
spruce, mountain ash and birches (Betula spp.) (Heurich et al.,
2010).

2.2. Plot selection

PAI profiles are generally calculated and analyzed at plot level.
In this study, 33 square plots of size 30 m by 30 m were selected
from 293 established plots along four transects, spanning from
the valleys to the mountain tops, to represent the different types
of forest structure in the national park (Bässler et al., 2008)
(Fig. 2). A stratified random sampling strategy based on aerial
photo interpretation and previous forest inventory information
was employed. First, based on tree species, the 293 plots were
stratified into spruce dominated plots, beech dominated plots,
and mixed plots. The mixed plots contained both spruce and beech,
with also some other tree species like birch, fir, maple etc. Then,
the plots were further stratified based on slope gradient and stan-
dard deviation of slope gradient (0–3�, 3–6�, 6–9�. . .). The 33
selected plots encompass a range of species composition, forest
structures, and local topography conditions. Details of each plot
are presented in Table 1. All subsequent analysis in this research
was conducted in these 33 plots.

2.3. Airborne LiDAR data

From July 24 to 27, 2012, an airborne laser scanning campaign
was conducted across the Bavarian Forest National Park by Milan
Flug GmbH. The sensor on board was a Riegl LMS-Q680i laser scan-
ner (wavelength 1550 nm; pulse repetition frequency 350 kHz;
nominal point density 30–40 points per m2; nominal footprint size
0.32 m; flight height 650 m above ground). Both raw full-
waveform data and point cloud data from Gaussian decomposition
(Wagner et al., 2006) were delivered by Milan Flug. The discrete
multiple return point cloud data was used for further analysis in
this experiment. The point cloud composed of planimetric coordi-
nates (x and y) in the German local DHDN projection system, ellip-
soidal heights (z), echo width, return intensity, return number,
number of total returns for a laser shot, and GPS timestamp (of
the return). In the preprocessing of LiDAR data, spurious isolated
returns have been removed through noise filtering using the
LAStools software (Isenburg, 2012).

2.4. Method

In this experiment, the PAI profile and its derived metrics were
calculated from both LiDAR point cloud data with and without
topographic normalization. The results were then compared.

2.4.1. Separation of ground and vegetation returns
To calculate the PAI profile, separation of ground returns versus

non-ground (vegetation) returns is necessary. In this research, the
separation of ground versus non-ground (vegetation) returns was
carried out using the Cloth Simulation Filtering (CSF) algorithm
(Zhang et al., 2016). This is a method integrated in the open source
software Cloud Compare (Girardeau-Montaut, 2015) and hence
accessible to any user (Zhang et al., 2016), which separates out
the ground points by simulating a physical process where a virtual
cloth drops down to an inverted (upside-down) point cloud. There
are limited parameters in the CSF algorithm. In this study, the ‘re-
lief scene’ was selected, the cloth resolution was set to 0.5, and the



Table 1
Metrics (vertical extent, canopy layer number and entropy) derived from PAI profiles with Topographic Normalization (TN) and without Topographic Normalization (NoTN), as
well as plot information.

Plot name Forest type Local topography Vertical extent (m) Canopy layer number Entropy

Slope [�] Std-slope [�] Elevation range [m] NoTN TN NoTN-TN NoTN TN NoTN-TN NoTN TN NoTN-TN

T4-39 Beech 11.65 3.10 6.89 47 44 3 9 7 2 4.30 4.30 0.00
T2-47 Beech 12.77 3.49 8.41 39 33 6 6 5 1 3.87 3.63 0.24
T3-39 Beech 13.40 4.52 7.31 37 31 6 3 3 0 3.77 3.62 0.15
T2-49 Beech 14.05 4.25 9.96 37 32 5 8 5 3 4.11 3.92 0.19
T2-2 Beech 14.18 5.54 9.00 41 36 5 5 4 1 3.81 3.63 0.18
T4-54 Beech 15.64 3.72 9.28 35 27 8 4 5 -1 3.72 3.55 0.17
T2-52 Beech 17.69 4.68 12.39 39 28 11 7 3 4 3.99 3.60 0.39
T3-32 Beech 17.83 4.14 11.61 40 34 6 5 5 0 4.09 3.92 0.17
T3-30 Beech 18.10 5.89 12.53 41 33 8 6 4 2 3.83 3.73 0.10
T3-25 Mix 9.88 3.25 6.64 50 45 5 7 6 1 4.18 4.16 0.02
T4-1 Mix 10.41 3.63 5.68 43 38 5 6 5 1 4.18 4.07 0.11
T4-35 Mix 10.95 5.30 5.42 45 42 3 10 7 3 4.11 4.07 0.04
T2-41 Mix 11.25 4.95 6.07 39 35 4 7 6 1 4.05 3.85 0.20
T1-49 Mix 11.70 5.83 5.83 32 30 2 5 5 0 3.88 3.76 0.12
T2-12 Mix 11.92 3.50 7.02 33 27 6 5 5 0 3.83 3.71 0.12
T1-29 Mix 12.17 4.88 7.61 35 30 5 5 4 1 3.72 3.53 0.19
T2-20 Mix 13.09 3.66 9.59 39 36 3 5 2 3 3.64 3.57 0.07
T3-40 Mix 15.92 6.10 9.90 37 35 2 6 5 1 3.86 3.83 0.03
T2-35 Mix 16.27 3.92 11.86 46 41 5 8 6 2 4.22 4.18 0.04
T1-57 Mix 19.48 6.94 12.59 34 25 9 6 3 3 3.68 3.35 0.33
T4-51 Mix 21.35 6.22 12.77 50 41 9 10 7 3 4.24 3.93 0.31
T3-28 Mix 27.80 13.53 23.88 43 35 8 6 3 3 4.02 3.70 0.32
T2-23 Spruce 6.74 3.49 3.78 31 29 2 3 1 2 3.06 2.40 0.66
T3-5 Spruce 8.15 3.88 3.84 14 12 2 1 1 0 2.98 2.88 0.10
T4-81 Spruce 11.45 3.94 8.03 15 12 3 1 1 0 3.01 1.86 1.15
T1-5 Spruce 11.68 4.12 8.23 43 40 3 6 7 -1 4.18 4.18 0.00
T3-50 Spruce 11.92 6.42 7.22 9 7 2 2 1 1 2.52 1.76 0.76
T1-52 Spruce 12.73 4.50 8.45 40 33 7 8 3 5 3.77 2.66 1.11
T4-59 Spruce 12.99 3.66 8.51 40 37 3 6 4 2 4.15 3.87 0.28
T3-47 Spruce 18.26 8.24 11.84 40 29 11 8 7 1 4.02 3.60 0.42
T1-63 Spruce 18.67 6.06 13.61 31 22 9 2 2 0 3.36 2.80 0.56
T1-61 Spruce 21.62 6.85 16.07 34 24 10 6 2 4 3.94 3.02 0.92
T2-65 Spruce 27.59 7.21 20.51 39 28 11 6 4 2 3.98 3.45 0.53
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classification threshold was maintained at the default value of 0.5.
In order to ensure classification accuracy, separation results were
visually checked for each plot. Spurious points and errors were
manually corrected by changing the classified label of the points.

2.4.2. Topographic normalization
All ground returns were used to calculate a Digital Terrain

Model (DTM) using an inverse distance weighting interpolation
method, one of the commonly used interpolation routines with a
high accuracy (Bater and Coops, 2009; Su and Bork, 2006). The
topographic surface elevation was then subtracted from all non-
ground return heights. Thus, the relative height to the correspond-
ing perpendicular ground location, instead of the ellipsoidal height
to the sea level, was achieved.

Hlocal ¼ Hraw � Eground ð1Þ
where Hraw is the raw ellipsoidal height of the vegetation point to
the sea level, Eground is the elevation height of the ground point with
the same x, y location as the vegetation point, Hlocal is the resulting
local height of the vegetation point.

2.4.3. PAI profile calculation
The PAI profile was then calculated using the MacArthur equa-

tion (MacArthur and Horn, 1969), based on a function of the gap
fraction measured vertically through the canopy (Coops et al.,
2007; Lovell et al., 2003). Owing to the inability to resolve foliage
angle distribution and clumping, the profile derived is referred to
as an ‘‘apparent” plant area index profile (Coops et al., 2007). Using
discrete return LiDAR, the probability of a gap from the top of the
canopy to a given height z, can be estimated by summing the total
number of shots down to height z that are intercepted by vegeta-
tion and comparing these to the total number of independent
LiDAR shots (N) (Coops et al., 2007; Lovell et al., 2003; Riaño
et al., 2003),

PgapðzÞ ¼ 1� f#ZjjZj > zg
N

ð2Þ

where #z is the number of shots intercepted by vegetation down to
a height z. The cumulative projected plant area index from the top
of the canopy down to a height z is then given by,

LðzÞ ¼ �lnðPgapðzÞÞ ð3Þ
where the first derivative of L(z) is the PAI profile. In this study, the
PAI profile was calculated using 0.5 m height bins (i.e., 0.5 m height
intervals in the PAI profile). Other bin sizes, such as 1 m or 2 m,
could also be used, leading to PAI profiles of a different vertical
resolution.

2.4.4. Metrics derived from the PAI profile
To compare the PAI profiles, three metrics derived from the PAI

profiles were also calculated and compared.

� Vertical Extent of the PAI Profile

VerticalExtent ¼ PAIPmax H � PAIPmin H ð4Þ
where PAIPmax H is the maximum height of the PAI profile, and
PAIPmin H is the minimum height of the PAI profile. This metric
describes the vertical extent of the plant area distribution. The
higher this metric is, the wider and more spreading the plant area
vertical distribution is. The smaller this metric is, the more verti-
cally condensed the plant area distribution is.
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� Canopy Layer Number

Canopy layer number is a categorical metric derived from the
PAI profile and can be used to quantify the complexity of the ver-
tical forest structure. The higher the canopy layer number is, the
more complex the PAI profile and vertical forest structure is.
Canopy layer has been calculated in other research using either a
pre-defined height threshold (Latifi et al., 2015; Whitehurst et al.,
2013) or automatic determination (Leiterer et al., 2015; Wilkes
et al., 2015). The pre-defined height threshold method limits the
determination of canopy layers to a maximum of three layers
(i.e., under-story, middle-story, and upper-story). In order to illus-
trate the subtle differences between plots of multiple (4, 5 or more)
layers, we therefore followed the automatic method (Wilkes et al.,
2015). Firstly, the PAI profile was smoothed to remove signal noise.
Secondly, the local maximum location of the PAI profile was calcu-
lated to be the location of each canopy layer. And thirdly, layers
with a plant area of less than 5% of the maximum plant area layer
were removed. Neighboring layers with a height distance of less
than 2 meters and plant area density differences of less than 5%
were merged into one layer.

In the smoothing of the PAI profile, Gaussian smoothing
(r = 0.8) was used instead of nonparametric cubic spline smooth-
ing (Muss et al., 2011; Wilkes et al., 2015). Gaussian smoothing
was chosen because the results of our experiment showed that it
could best preserve the differences between PAI profiles of point
clouds with and without topographic normalization. Nonparamet-
ric cubic spline smoothing, on the other hand, severely over-
smoothed the two profiles and eliminated their differences.

� Entropy of the PAI Profile

In addition to canopy layer number, entropy of the PAI profile
was also calculated. In information theory, Shannon’s entropy is
a measure of uncertainty and information formulated in terms of
probability theory (Rrnyi, 1961). In geoscience, it has been used
to measure the degree of spatial concentration or dispersion of a
geophysical variable among n spatial units/zones (wards) (Foody,
1996; Jat et al., 2008). Unlike the categorical metric canopy layer
number, entropy of the PAI profile is a continuous index of PAI pro-
file complexity. Compared to canopy layer number, entropy of the
PAI profile is more generally applicable and comparable across dif-
ferent research areas and different datasets, as well as less subjec-
tive to definitions.

As for the entropy calculation, Gaussian smoothing (r = 0.8)
was applied to the raw PAI profile prior to entropy calculation, to
reduce noise. Then, entropy was calculated through

Entropy ¼
X

i

� pi lnpi ð5Þ

where pi is the proportion of plant area in height bin i. The entropy
value increases with the vertical extent of the PAI profile and also
with a more equal distribution of leaf area density across the profile
(Stark et al., 2012). Large entropy values indicate a more continuous
and complex distribution of the PAI profile in the plot and poten-
tially a more complex vertical structure as well as more niche space
available to support diverse species in the plot.
2.4.5. Statistical analysis
To evaluate whether topographic normalization would change

the PAI profile and its complexity, three two-sample t-tests were
performed using the results of the PAI profile vertical extent, the
canopy layer number, and the PAI profile entropy, respectively.
The null hypothesis is that there is no statistically significant dif-
ference between the above-mentioned three metrics derived from
either the topographic normalized point cloud or the original point
cloud data.

In addition, in order to explore how local topography affects the
PAI profile after topographic normalization, linear regression was
conducted between the degree of PAI profile change (i.e., vertical
extent change, canopy layer number change, and entropy change),
and parameters (i.e., mean slope and standard deviation of slope)
representing local topography. Mean slope was utilized to repre-
sent the steepness of the local topography. Standard deviation of
slope was employed to describe how rough the local topography
was. This is an effective measure of surface roughness, as it is sim-
ple to calculate, detects fine scale/regional relief, and performs at a
variety of scales (Grohmann et al., 2011).
3. Results

3.1. Visual comparison

Examples of PAI profiles for six plots with different local topog-
raphy (increasing average slope and standard deviation of slope)
are shown in Fig. 3. There are many differences between the two
PAI profiles depicting with and without topographic normalization,
respectively. Firstly, the vertical extent of the PAI distribution is
different. Before topographic normalization, the PAI profile has a
wider vertical extent and a more continuous distribution. After
normalization, the PAI profile has a shorter vertical extent and
appears to be condensed. Secondly, the location and value of max-
imum plant area density are also different. After topographic nor-
malization, the maximum plant area density becomes much higher
than before (plots T2-23 and T2-65). Altogether, with increasing
slope and topography roughness (standard deviation of slope),
the vertical condensing effect is augmented.

In addition, regarding the curve shape of each PAI profile, there
are differences (i.e., plots T2-23, T2-49, T4-51, and T2-65), with PAI
profiles having a very different trend, number of modes, and loca-
tion of modes. Generally, after normalization, the mode number is
reduced and the location of the modal value is reduced.

An example (plot T3-28) of the canopy layer number determi-
nation from the PAI profile is shown in Fig. 4. Before topographic
normalization, six layers are detected. Except for the upper two
layers, the lower four layers have a high plant area concentration
and large gaps between them. After topographic normalization,
only three layers are detected. And a large gap can only be dis-
cerned between the bottom layer and the upper layers.
3.2. Quantitative comparison

The forest type, local topographic condition of each plot, and the
results of derived metrics from the PAI profiles for each plot, are
detailed in Table 1.

After topographic normalization, the vertical extent of the PAI
profile decreases for all plots. The extent of this decrease ranges
from 2 m to 11 m. Since the plot size is only 30 m � 30 m, this
decrease is quite significant. This shows that after topographic nor-
malization, the PAI profile is vertically condensed.

The other two metrics, PAI profile entropy and canopy layer
number, describe the complexity of the PAI profile and thus the
complexity of the forest vertical structure for each plot. For the
continuous metric ‘‘entropy of PAI profile”, 31 out of 33 plots have
a decreased entropy value after topographic normalization. For the
categorical metric ‘‘canopy layer number”, out of the 33 plots, 2
plots have more layers, 7 plots have the same number of layers,
while 24 plots have less layers after topographic normalization.
Analyzing the average of all plots, before topographic normaliza-



Fig. 3. Comparison between PAI profiles with topographic normalization and without topographic normalization (Slope: average slope in the plot; Std-slope: standard
deviation of slope in the plot). Green, on the left of each subfigure, depicts the PAI profile with topographic normalization (bar: raw PAI profile; curve: smoothed PAI profile).
Blue, on the right of each subfigure, depicts the PAI profile without topographic normalization (bar: raw PAI profile; curve: smoothed PAI profile). (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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tion, the averaged entropy of PAI profiles is 3.81, while the average
number of detected layers is 5.59. However, after topographic nor-
malization, the averaged entropy value decreases to 3.49, and aver-
age number of detected layers decreases to 4.09.
The t-value of the three two sample t-tests is shown in Table 2.
In this study, with 64 degrees of freedom (33 plots), a t-value
greater than 1.669 or lower than �1.669 allows us to reject the null
hypothesis at a 95% confidence level. For all three metrics (i.e., PAI



Fig. 4. Comparison between canopy layers detected from the PAI profile without topographic normalization (in blue) and the PAI profile with topographic normalization (in
green). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Table 2
Summary of the two sample T-test statistics
for vertical extent, canopy layer number and
entropy of PAI profile.

t value

Vertical extent 2.513
Canopy layer number 2.878
entropy 2.280
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profile vertical extent, canopy layer number, and PAI profile
entropy), the t values are greater than 1.669. Therefore, the values
of these three metrics are all significantly higher, statistically,
before topographic normalization than after topographic
normalization.

The statistical results between PAI profile complexity change
and local topography condition are shown in Fig. 5. Mean slope
is found to have a stronger statistical relationship with the PAI pro-
file vertical extent decrease, than the standard deviation of slope
(topography roughness). With increasing mean slope, topographic
normalization causes a greater decrease in PAI profile vertical
extent.
Fig. 5. (a) Relationship between PAI profile vertical extent decrease and mean slope. (b)
slope.
For most plots, the canopy layer number decreases after topo-
graphic normalization (Fig. 6). However, while the canopy layer
number decreases, there is no significant statistical correlation
between the decrease in canopy layer number and either the mean
slope or the standard deviation of slope (see Fig. 6).

Similar patterns are observed for the PAI profile entropy metric
(see Fig. 7). For almost all plots, the PAI profile entropy decreases
after topographic normalization. However, there is no significant
statistical correlation between the degree of entropy decrease
and either mean slope or standard deviation of slope.

4. Discussion and conclusion

Our study shows that topographic normalization significantly
changes the vertical extent and curve shape of a PAI profile. After
topographic normalization, the spatial distribution of the original
LiDAR point cloud will result in all trees being relocated on a flat
plane. Although the height of each individual tree maybe main-
tained, the spatial arrangement changes. If the local topography
is not flat, trees that are ‘‘downhill” or in the ‘‘basin” will ‘‘rise”
in the corrected plot, while trees originally ‘‘uphill” or at the ‘‘sum-
mit” will ‘‘sink”, comparatively, in the new plot (Khosravipour
Relationship between PAI profile vertical extent decrease and standard deviation of



Fig. 6. (a) Relationship between the decrease in canopy layer number and mean slope. (b) Relationship between the decrease in canopy layer number and standard deviation
of slope.

Fig. 7. (a) Relationship between the decrease in PAI profile entropy and mean slope. (b) Relationship between the decrease in PAI profile entropy and standard deviation of
slope.
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et al., 2015). This effect can be clearly seen in Fig. 8, where original
LiDAR point cloud and topographic normalized point cloud are
both depicted. Previous research has found that both tree crown
shape and tree top location may be systematically distorted in this
process of topographic normalization (Khosravipour et al., 2015).
This research proves that the plant area index (PAI) profile will also
be distorted and vertically condensed, and that the maximum
plant area density will be increased.

The results of the two-sample t-tests prove that after topo-
graphic normalization, the complexity of PAI profiles (described
by canopy layer number and PAI profile entropy) also decreases.
This means that topographic normalization reduces the complexity
of the original forest vertical structure. However, the degree of
change in structural complexity is not linearly related to topo-
graphic variables such as mean slope and standard deviation of
slope. This indicates that, as the PAI profile’s complexity decreases,
the degree of change in PAI profile is not solely determined by the
steepness and roughness of the local topography, and, contrary to
common expectation, more complex topography does not neces-
sarily lead to more change. Fig. 9 shows a theoretical case, where
two plots have exactly the same local topography and the same
vegetation. However, how the plants are spatially distributed
across the plots is different. This leads to a different vertical struc-
ture, different PAI profiles, and different canopy layers. But after
topographic normalization, the new PAI profiles are the same.
As a result, the decrease in the PAI profiles’ complexity differs. This
example clearly shows that PAI profile complexity change can be
different even when local topography is the same. Therefore, it
can be concluded that, the local topographic condition adds to
the complexity of forest vertical structure. In other words, topo-
graphic normalization can undermine the complexity of PAI pro-
files. However, the degree of this change, is not a linear function
of the mean slope or the standard deviation of slope in the local
topography, but is determined by the interaction of local topogra-
phy and how the trees are distributed across the landscape surface.
There are other terrain attributes such as slope aspect, profile cur-
vature, and planform curvature which can also affect the forest
vertical structure. In addition, tree crown geometry, tree density,
species composition and natural disturbance are potential causes
of complex vertical forest structure. But since the effect of topo-
graphic normalization on PAI profile complexity is not dependent
solely on topography or solely on tree distribution (Fig. 9), no fur-
ther quantitative analysis is conducted in this experiment.

The results of this research provide us with a better understand-
ing of the retrieval of PAI profiles from airborne LiDAR data, which
either have, or have not, been subjected to topographic normaliza-
tion. The PAI profile derived from airborne LiDAR point cloud data
without topographic normalization can inform us about the actual
height of trees with maximum plant area concentration, the mini-
mum and maximum height of plants, as well as the number of lay-



Fig. 8. Comparison between point clouds of plot T3-28 with and without topographic normalization, respectively. (Same viewing angle and azimuth angle, red points are
detected ground returns). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Fig. 9. Illustration of differing PAI profile complexity decrease after topographic normalization, even with the same local topography and same vegetation. The differences are
caused by the different spatial distribution of trees. (dashed line: estimated canopy layer location).
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ers and the complexity of the vertical structure. All this informa-
tion is ecologically important and useful, especially for plot radia-
tion regime analysis (Parker et al., 2001) and species distribution
modeling. For example, in mature forests, bat activity is driven
by vegetation density and presence of gaps (Muller et al., 2013).
A PAI profile distorted by topographic normalization will give a
wrong estimate of vegetation density and gap presence in space,
and probably lead to errors in bat species distribution modeling.
Also, the PAI profile without topographic normalization may serve
as a more accurate input parameter for estimating stand canopy
bulk density and forest fire modeling, because it preserves the spa-
tial connectivity between forest fuels. This allows more accurate
modeling of fire propagation, as well as assessment of fire-
atmosphere interactions (Contreras et al., 2012). PAI profile with-
out topographic normalization may also serve as more accurate
input for forest precipitation infiltration modeling, because it can
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preserve the original spatial topology between vegetation layers,
while topographic normalization creates distortion and offsets in
the vertical distribution of plants.

The PAI profile derived from airborne LiDAR data with topo-
graphic normalization can change the forest vertical distribution
pattern in that plot from an ecological perspective. The height of
maximum plant area concentration, canopy layer number and
canopy layer location cannot be correctly read from a topographi-
cally corrected PAI profile. However, some other information, such
as the maximum tree height in a plot (Calders et al., 2014; Lovell
et al., 2003), canopy height quantile metrics, and above ground bio-
mass can still be directly retrieved with reasonable accuracy. The
reason is that topographic normalization mainly alters the relative
distribution amongst vegetation, not the relative distribution of
vegetation to the ground. This was also demonstrated in previous
research, where on a slope less than 15�, there is no significant
canopy height displacement error after topographic normalization
(Khosravipour et al., 2015). Another possible application of PAI pro-
file with topographic normalization is the modeling of soil erosion.
In soil splash erosion, the relative distance between the substrate
and the vegetation layer determines the likelihood of erosion
(Geißler et al., 2012; Nanko et al., 2008). Then PAI profile with topo-
graphic normalization is preferred in this case, because it contains
the relative location of vegetation to ground, which is more impor-
tant than the relative location among different vegetation layers.

From this research, it is recommended whether topographic
normalization is applied or not, depends for which application
the PAI profile is further used. For ecological modeling, topographic
normalization should not be applied, when the ecological process
is largely determined by the three dimensional structure and the
spatial topology of plants inside the plot, because even a small
degree of slope can create distortion and vertical offset in the PAI
profile. These applications include radiation regime analysis, spe-
cies distribution modeling, and fire propagation modeling. How-
ever, for forest inventory, including canopy height and above
ground biomass estimation, it is recommended that the topo-
graphic normalization effect can be ignored below a certain thresh-
old of slope degree. Because in these applications, the accuracy of
height or crown diameter of individual tree is far more important
than the spatial topology of neighboring trees. Due to the limited
plot number in our study, and the relatively small range of slope
degree in the study area, further analysis in more complex topog-
raphy areas is necessary to recommend a definitive threshold, cur-
rently a figure around 15� seems reasonable based the results of
this study and the previous published material (Khosravipour
et al., 2015).
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