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Abstract: Profile radar allows direct characterization of the vertical forest structure. Short-wavelength,
such as Ku or X band, microwave data provide opportunities to detect the foliage. In order to
exploit the potential of radar technology in forestry applications, a helicopter-borne Ku-band profile
radar system, named Tomoradar, has been developed by the Finnish Geospatial Research Institute.
However, how to use the profile radar waveforms to assess forest canopy parameters remains a
challenge. In this study, we proposed a method by matching Tomoradar waveforms with simulated
ones to estimate forest canopy leaf area index (LAI). Simulations were conducted by linking an
individual tree-based forest gap model ZELIG and a three-dimension (3D) profile radar simulation
model RAPID2. The ZELIG model simulated the parameters of potential local forest succession
scene, and the RAPID2 model utilized the parameters to generate 3D virtual scenes and simulate
waveforms based on Tomoradar configuration. The direct comparison of simulated and collected
waveforms from Tomoradar could be carried out, which enabled the derivation of possible canopy
LAI distribution corresponding to the Tomoradar waveform. A 600-m stripe of Tomoradar data
(HH polarization) collected in the boreal forest at Evo in Finland was used as a test, which was
divided into 60 plots with an interval of 10 m along the trajectory. The average waveform of each
plot was employed to estimate the canopy LAI. Good results have been found in the waveform
matching and the uncertainty of canopy LAI estimation. There were 95% of the plots with the mean
relative overlapping rate (RO) above 0.7. The coefficients of variation of canopy LAI estimates were
less than 0.20 in 80% of the plots. Compared to lidar-derived canopy effective LAI estimation, the
coefficient of determination was 0.46, and the root mean square error (RMSE) was 1.81. This study
established a bridge between the Ku band profile radar waveform and the forest canopy LAI by
linking the RAPID2 and ZELIG model, presenting the uncertainty of forest canopy LAI estimation
using Tomoradar. It is worth noting that since the difference of backscattering contribution is caused
by both canopy structure and tree species, similar waveforms may correspond to different canopy
LAI, inducing the uncertainty of canopy LAI estimation, which should be noticed in forest parameters
estimation with empirical methods.

Keywords: forest canopy; radar waveform; Tomoradar; RAPID2 model; ZELIG model

1. Introduction

Leaf area index (LAI), defined as half the total leaf area per unit of the horizontal
ground surface area [1], is an essential indicator for forest ecosystem assessment and
management. Forest LAI reflects the growth status of the forest. It is closely related to the
photosynthesis, respiration, and transpiration of the forest [2]. LAI has been used as an
input of ecological models and climate models as well [3–5]. Thus, forest LAI estimation
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plays a major role in forestry and ecology research. Remote sensing is generally utilized to
retrieve forest LAI in large areas [2,6].

According to the different data types, the methods of estimating forest LAI using
remote sensing technology fall into two main categories: optical data-based and lidar
data-based. Optical remote sensing relates various vegetation indices (such as the normal-
ized difference vegetation index (NDVI)) to the LAI of forest, which tends to have good
performance for estimating forest LAI within a limited range of LAI values relative to satu-
ration at high LAI level [2,7–9]. Lidar remote sensing provides detailed vertical structural
information of forest canopy, which is contributed to estimate the LAI of forest canopy, and
numerous studies have inversed forest canopy LAI utilizing lidar data [10–12]. Only a few
studies have used microwave data to estimate forest LAI. The initial research began with
microwave backscattering indoor-measurement of miniaturized forest scene [13], which
pointed out that the short wavelength radar signals, such as X and C band, are sensitive to
the changes of tree leaf area. Based on C band environmental satellite (ENVISAT) advanced
synthetic aperture radar (ASAR) data and LAI ground measurements, Manninen et al. con-
ducted LAI estimation of the boreal forest in Finland in 2005 [14] and 2013 [15], respectively,
using the empirical model. Tanase et al. (2019) utilized the physical model simulation to
prove once again that the C band microwave signal can respond to the changes of forest
LAI and have the potential to estimate forest LAI [16]. Recently, a novel Ku-band profile
radar system [17], named Tomoradar, was developed by the Finnish Geospatial Research
Institute (FGI) based on early bird work [18–20], which has obvious advantages in forest
structure mapping. Compared to optical data, the Tomoradar signal can penetrate through
the forest canopy and provide entire profile information from canopy top to ground level.
Compared to lidar data, the Tomoradar signal has a more substantial penetration capa-
bility within the forest [21], which means that the accurate vertical forest structure can be
obtained with the Tomoradar waveform. Moreover, compared to synthetic aperture radar
tomography (TomoSAR), the Tomoradar data have a higher vertical resolution (0.15 m)
and intuitive scatterer contribution. In addition, Du et al. have shown that the waveforms
of Tomoradar are sensitive to foliage volume [22]. To this end, the Tomoradar data exhibit
excellent potential in the LAI estimation of forest canopy.

However, how to take advantage of Tomoradar data to estimate forest canopy LAI?
Using the idea of retrieving LAI from full-waveform lidar for reference, two methods could
be applied to Tomoradar data to estimate the LAI of forest canopy. One reference method is
to apply Beer–Lambert law, which calculates the ratio of light intensity between the bottom
and top of the forest canopy, and combines the observed LAI data to construct a semi-
empirical model for LAI estimation [23]. In 2018, Zhu utilized Tomoradar data to estimate
canopy LAI by regarding the ratio of light intensity as the ratio of the ground backscattering
energy to the total backscattering energy and ignoring the reflectance difference between the
ground and various tree species [24]. The other reference method is the waveform matching
method based on a physical model. The physical model characterizes the interaction
between vegetation elements and electromagnetic waves, and by simulating the response
of the forest canopy with different attributes, various simulated waveforms are obtained to
match the observed waveform, acquiring possible forest attributes distribution. Rödig et al.
(2019) utilized a forest gap model, the FORMIND model, and its built-in lidar simulation
module to simulate the Geoscience Laser Altimeter System (GLAS) lidar waveform, and
estimated the five kinds of key forest attributes in the entire Amazon [25]. Compared with
the semi-empirical model-based method, the waveform matching method based on the
physical model can obtain the possible distribution range of the estimated forest attributes
rather than a single estimation result. In addition, the method does not require extensive
field inventories.

Considering that the quantitative relationship between the Ku band profile radar
waveform and the forest canopy parameters is not clear, the aim of this work is to explore
the ability of using Tomoradar waveform to estimate forest canopy LAI by utilizing the
waveform matching method based on the radiative transfer model. This method can
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obtain not only the estimated value of the forest canopy LAI, but also the corresponding
uncertainty, which helps to analyze the source of the error in the LAI estimation based on
profile radar data, so as to further improve the accuracy of forest canopy LAI estimation in
the future.

2. Material and Methods
2.1. Study Site and Data Collection

This study was carried out at Evo, located in the boreal forest region in southern
Finland (61◦19′N, 25◦11′E) as shown in Figure 1a. About 2000 ha of half-managed forest
is mainly covered by Scots pine (Pinus sylvestris), Norway spruce (Picea abies), and birch
(Betula sp.) in this area. The study site has a relatively flat landscape and temperate mar-
itime climate. Its annual average temperature and cumulative precipitation are 4.1 ◦C and
635 mm, respectively [26,27]. The Tomoradar data were collected by a Bell-206 helicopter
at the Evo site in September 2016, which operated at around 60–100 m altitude with an
average 10 m/s flight speed on a trajectory with a total length of 60 km. In this research,
one stripe with a length of 600 m along a north-south direction flight trajectory was utilized
to estimate forest canopy LAI (presented in Figure 1b), which covered area with different
forest density and tree height. Another reason we selected the stripe is that the directional
flight can ensure the observation angle in the nadir direction, which is conducive to data
quality [28].
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Figure 1. (a) Location of the study area (Evo) in southern Finland; (b) trajectory of Tomoradar data
(black line) and the selected 600 m stripe (red line), in addition, the base map employed an image
provided by Google Earth with a resolution of 0.5 m to show the forest condition.

2.2. Tomoradar Data

The airborne Tomoradar system is a frequency modulated continuous wave (FM-CW)
ranging radar with a global navigation satellite system (GNSS) and inertial measurement
unit (IMU) system, which provide centimeter-level accuracy of flight trajectory information.
Tomoradar works in the Ku-band with a center frequency 14 GHz and a modulation
frequency 163 Hz. Tomoradar can collect four polarization modes (HH, HV, VH, and
VV) signal within the field of view (FOV) of 6◦, and convert them into waveforms with a
0.15 m range resolution. Due to the average flight speed of the helicopter being 10 m/s,
the spacing between two consecutive/neighboring waveforms along trajectory was 0.06 m.
Since the mechanical scanner was not equipped, the observation angle of Tomoradar is
only in the nadir direction along the flight trajectory. Moreover, the footprint size of a
single waveform is determined by the flight altitude and the FOV. The main parameters
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of Tomoradar are shown in Table 1. More detailed technical characteristic information of
Tomoradar can be obtained by Chen et al. [17].

Table 1. Main parameters of Tomoradar. FM-CW: frequency modulated continuous wave.

Parameters Specified Values

Modulation type FM-CW
Center frequency (GHz) 14

Modulation frequency (Hz) 163
Polarization modes HH, HV, VH, VV

Field of view (◦) 6
Range resolution (m) 0.15
Data rate (Mbits/s) 2.5

The selected stripe with a length of 600 m contains 10002 Tomoradar waveforms in
co-polarization (HH) mode, which were employed to estimate the forest canopy LAI. In the
stripe, the range of flight height was between 58 and 71 m, which determined the footprint
width was varied from 6.1 to 7.5 m at the ground. The vertical profile of the backscattering
energy of the stripe in HH polarization mode is illustrated in Figure 2. Considering the
average footprint width of 6.8 m and the interval of 0.06 m between two neighbor footprints
centers, there is a certain degree of duplicate information in 10,002 waveforms. To this end,
we divided the 600 m stripe into 60 plots at an interval of 10 m along the trajectory, and
calculated the average waveform of each plot to estimate the forest canopy LAI.
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Figure 2. The Tomoradar vertical profile of the selected 600 m stripe in co-polarization (HH) mode is colored with
backscattering energy intensity.

2.3. Lidar Data

For reference, a lidar-derived canopy effective leaf area index (LAIe) estimation was
used in this study. The lidar data were obtained simultaneously with Tomoradar data,
collected by a Velodyne VLP-16 laser scanner installed on the same helicopter-borne
platform [17]. It works with 300,000 pts/s, generates 16 scan lines uniformly, and the beam
size of the transmitted laser pulse at the exit is 12.7 mm (horizontal) × 9.5 mm (vertical).
The main parameters of the lidar system are presented in Table 2. For the selected stripe,
the lidar data were collected with an average point density of about 85 pts/m2.

Table 2. Main parameters of the lidar system.

Parameters Specified Values

Laser line number 16
Measurement point output (pts/s) 300,000

Wavelength (nm) 905
Measuring range (m) 100

measurement accuracy (m) ±0.03

2.4. Forest Canopy LAI Estimation by Waveform Matching

The Tomoradar waveform depicts the vertical distribution of backscattering energy
from the canopy top to the ground. Since the Ku-band is sensitive to foliage [22], the
potential of the Tomoradar waveform to estimate forest canopy LAI was explored in this
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study. Here, we proposed a method by matching Tomoradar waveform with the simulated
waveforms acquired by forest succession simulation and profile radar waveform simulation
to estimate canopy LAI (Figure 3). Specifically, 100-year succession process after the clear
cutting at Evo was simulated with the ZELIG model, and the information of 10,000 virtual
forest scenes was obtained (introduced in Section 2.4.1). Then, based on the information of
each scene, the 3D scene reconstruction and the waveform simulation were completed in
RAPID2 (introduced in Section 2.4.2). Moreover, considering the heterogeneity of ground,
4 coefficients were set to extend various ground contribution in the simulated waveform,
and summing up to 50,000 simulated waveforms were utilized to waveform matching.
In addition, by matching the average Tomoradar waveform of each plot with simulated
waveforms, the probability distribution of forest canopy LAI could be derived with the top
30 best matches (introduced in Section 2.4.3).
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Figure 3. Workflow of this study. (a) using the ZELIG model to simulate the 100-year succession process and individual tree
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2.4.1. Forest Gap Model and Forest Succession Simulation

Forest gap model is a type of forest dynamic model based on the forest gap succession
theory, which can simulate the process of tree regeneration, growth, and death within a
forest gap. In this study, the ZELIG model, an individual tree-based forest gap model, was
used to generate forest scenes [29]. ZELIG was derived from the JABOWA and FORET
model [30,31], and has been widely applied in forest parameter estimation by combining
a three-dimension radiative transfer (RT) model [32–34]. ZELIG is based on a grid of
10 m × 10 m cells, in which each tree is assigned to a certain cell, and the grid dimensions
are users-defined. Annual regeneration, growth, and mortality of individual trees on
each cell can be interactively simulated in response to their biophysical parameters and
environmental constraints. The biophysical parameters of each species mainly include
the maximum age (Amax), maximum diameter at breast height (Dmax), maximum height
(Hmax), growth rate (G), minimum and maximum growing degree-days (DDmin, DDmax),
and tolerance class for shade (Light), drought (Drt), and soil fertility (Nutri). When it comes
to environmental data, monthly average temperature and cumulative precipitation are the
main inputs for the ZELIG model. After simulation, the annual forestry parameters of each
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individual tree are provided by the ZELIG model, including species, diameter at breast
height (DBH), height, crown length, and leaf area, etc.

In this study, we simulated a 100-year succession process of a 10 m × 10 m plot with
a 2-year interval by ZELIG model. The simulation starts after the clear cutting, and the
simulated species include Scots pine, Norway spruce, and birch, which are the dominant
species at Evo. Considering the random processes in the ZELIG model, 200 repetitions
were implemented for each of the time steps to obtain the plot scenes that contain as many
situations as possible. These sum up to 10,000 simulated plots in total. In addition, in order
to properly work with the RAPID2 model for plot scene construction, a random coordinate
within the cell of each tree was assigned as it is generated in the ZELIG model, and it
will be fixed until the tree is dead. Finally, the individual tree parameters within the plot
provided by the ZELIG model include the locations, DBH, heights, crown length, and leaf
area, which were used as inputs to generate the 3D forest scenes required in the RAPID2
model.

The specific biophysical parameters of the three dominant tree species are shown in
Table 3 [31,35]. The monthly average temperature and cumulative precipitation at Evo
were calculated by GHCN_CAMS Gridded 2m Temperature (Land) (1948–2019) [26] and
CPC Merged Analysis of Precipitation (CMAP) (1979–2019) [27], respectively.

Table 3. Specific biophysical parameters of the three dominant tree species provided to the
ZELIG model.

Species Amax
(year)

Dmax
(cm)

Hmax
(cm) G DDmin DDmax Light Drt Nutri

Scots pine 150 100 3500 260 500 1800 4 4 3
Norway spruce 300 130 5500 240 550 1800 1 3 2

birch 140 40 2500 310 700 2500 4 2 2
Light: 1 = very shade-tolerant, 5 = very shade-intolerant; Drt: 1 = very drought-intolerant, 5 = very drought-
tolerant; Nutri: 1 = nutrient stress-intolerant, 3 = nutrient stress-tolerant.

2.4.2. RAPID2 Model and Waveform Simulation

The RAPID2 model is a 3D RT model by proposing the concept of porous individual
thin objects, developed by Huang et al. [36], which simulates the radiation transfer from
visible/near infrared to thermal infrared and microwave domain with a unified 3D scene
and input parameters. Users can generate a forest scene with the built-in 3D scene graphical
user interface (GUI) and simulate remote sensing data with a unified radiosity framework.
The RAPID2 model is freely shared online (http://www.3dforest.cn/en_rapid.html). The
purpose of the RAPID2 model in this research is to simulate profile radar waveforms of a
given forest scene provided by the ZELIG model.

The inputs of the RAPID2 model can be divided into two parts: scene generation
parameters and sensor simulation parameters. The scene generation parameters mainly
include the size and the digital elevation model (DEM) of the scene, soil parameters
(roughness size and correlation length), as well as 3D objects (such as trees) parameters
in the scene. Sensor simulation parameters consist of observation angle, wavelength, and
resolution, etc. For the tree object, users can describe it through individual tree parameters,
crown shape parameters, and crown structure parameters. The individual tree parameters
include location, species, DBH, height, crown length, crown width, and leaf area. The
built-in crown shape mainly involves spherical, conical, cylindrical, and other basic shapes.
The crown structure parameters are composed of leaves (needles) parameters and branches
parameters, embodied in length, thickness, orientation and length, diameter, density,
respectively. The branches are divided into large branches and small twigs. In addition,
in the microwave domain, the dielectric constants of leaf, branch, stem, and soil need to
be defined with environment moisture and temperature, which play an important role for
their scattering and extinction characteristics.

http://www.3dforest.cn/en_rapid.html
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Recently, Du et al. realized the simulation of the profile radar waveform by extending
the RAPID2 model, and confirmed that the Ku-band profile radar is sensitive to the
individual tree LAI [22], which reflects the great potential of using the Ku-band profile
radar to estimate forest canopy LAI. A sample forest scene in RAPID2 and its approximate
profile radar waveform simulation are presented in Figure 4.
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Figure 4. (a) A sample forest scene in the RAPID2 model, which is composed of soil, solid stems,
and porous crowns; the porous crowns consist of many thin layers, which are projected as particles
dynamically in microwave domain at runtime; (b) an approximate profile radar waveform simulation
of the scene.

In order to construct the 3D scenes of the virtual plot scenes in the RAPID2 model and
make the scenes more realistic, some crown shape and structure parameters, as well as the
dielectric constants, etc. were defined here.

First of all, the crown shape parameters of the three species were determined accord-
ing to the literature [37]: the crown shape of the Scots pine and Norway spruce can be
represented using two conical elements, while that of the birch can be represented using an
obloid and a hemisphere elements. The specific details were described by the maximum
crown radius (Cr), the height of Cr (HCr), and the bottom crown radius (Rc), which were
related to the DBH, tree height (H), and crown length (Cl). The allometric relationships of
the three species are listed in Table 4.

Table 4. The allometric relationships of Scots pine, Norway spruce, and birch.

Species Crown Model Allometric Relationships
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Table 4. Cont.

Species Crown Model Allometric Relationships
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Then, the crown structure parameters, such as leaves (needles) and branches parame-
ters, were mainly referenced in the literature [22]. The leaves (needles) parameters were set
by species, while the branch parameters were uniform for all three species, as shown in
Table 5. The leaf angle distribution (LAD) and branch orientation distribution (BOD) were
set from 0◦ to 85◦ with a step of 5◦, assumed to be independent of azimuth.

Table 5. The main crown structure parameters of the three species for simulation.

Parameters Scots Pine Norway Spruce Birch

leaf/needle length (cm) 4 2 3
leaf/needle thickness (cm) 0.2 0.2 0.05

Twig length (m) 0.52 0.52 0.52
Twig diameter (cm) 1.28 1.28 1.28

Twig density (number/m3) 3.48 3.48 3.48
Branch length (m) 2.10 2.10 2.10

Branch diameter (cm) 2.60 2.60 2.60
Branch density
(number/m3) 0.27 0.27 0.27

Moreover, the dielectric constants of scene components in Ku-band were calculated
according to Ulaby [38] in this study, which did not distinguish between species (Table 6).
In addition, the flat terrain was adopted for the 10 m × 10 m scene. The soil roughness
height and correlation length were set to be 0.25 and 18.75 cm, respectively.

Table 6. The dielectric constants of scene components in Ku-band.

Components Dielectric Constants

Soil 6.65-j0.88
Trunk 13.97-j4.31

Twig/branch 17.75-j4.37
Leaf/needle 21.75-j8.37

To sum up, the 3D scenes of the plots provided by ZELIG were constructed in the
RAPID2 model utilizing the parameters described above. The individual tree model of the
three species and a 50-year-old plot scene in the RAPID2 model are illustrated in Figure 5.
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Figure 5. The individual tree model of the three species and a 50-year-old plot scene in the RAPID2
model: (a) Scots pine; (b) Norway spruce; (c) birch; and (d) a 50-year-old plot scene.

With the 3D scenes of the 10,000 plots as inputs, 10,000 profile radar waveforms were
generated using the RAPID2 model. For matching the collected Tomoradar waveforms,
the Tomoradar configuration was adopted in the waveform simulation, specifically the
nadir observation angle, the operating frequency of 14 GHz, the range resolution of 0.15 m,
and the footprint-width of 6.8 m. Considering the data redundancy caused by the high
azimuth sampling frequency (0.06 m), it was modified to 1 m in the simulation process.

2.4.3. Waveform Matching and Canopy LAI Estimation

We compared each Tomoradar average waveform with the simulated profile radar
waveforms using the waveform matching method [39]. The ground points of both To-
moradar waveforms and simulated waveforms were identified firstly [28] and the range
from the ground point to 2 m above the ground point was treated as ground scattering
contribution [21]. In order to correspond to the difference in ground scattering intensity
caused by possible ground features (such as different ground cover, moisture, or micro-
topography) in the actual scenes, we performed differential amplification on the ground
scattering contribution of the simulated waveform, that is, the ground contribution was
multiplied by four coefficients of 0.1, 0.4, 0.7, and 1.3. Therefore, the number of simulated
waveforms was increased from 10,000 to 50,000, which is conducive to cover the complex
actual situation of the plots.

During the comparison, the similarities of normalized (by the max intensity including
ground scattering) Tomoradar and simulated waveforms were determined by quantifying
their relative overlapping rate (RO) in each 1 m height bin above 2 m, which was calculated
by the intersection area divided by union area [39], Equation (1):

RO =
∑50

h=2 min(ETomo(h), Esimu(h))

∑50
h=2 max(ETomo(h), Esimu(h))

, (1)

where the RO is the relative overlapping rate of the Tomoradar waveform and simulated
waveform; ETomo(h) and Esimu(h) are the relative energy at height “h” of the Tomoradar
waveform and simulated waveform, respectively; the height step is set to 1 m.

The top 30 best matching simulated waveforms with the RO above the threshold of
70%, as acceptable waveforms, were adopted to identify potential plot scenes and acquire
their canopy LAI attribute [25]. If the number of acceptable waveforms is less than 30,
only the waveforms with the RO above the threshold were taken. Additionally, when the
number of acceptable waveforms is less than 3, the top 3 matches were taken. Hence, we
derived a series of possible canopy LAI from the workflow for each Tomoradar waveform.
The estimated canopy LAI of the plot was defined as the mean value of the possible
canopy LAI, while its uncertainty was defined as the coefficient of variation (CV) of the
possible canopy LAI. The mean canopy height (MCH) was utilized to represent the vertical
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structure of the actual plots, expressed as Equation (2), and it was used to analyze the
possible difference in estimation results:

MCH =
∑50

h=0(ETomo(h) ∗ h)

∑50
h=0 ETomo(h)

. (2)

In addition, the lidar-derived canopy effective LAI was used to reference the estimated
canopy LAI of our approach. According to the Tomoradar waveforms contained in each
plot, the lidar points inside the Tomoradar footprint cone were used to calculate the
lidar-derived canopy LAI. Based on Beer–Lambert law, the canopy LAI of the plots can be
determined by the light intensity at the top and bottom of the canopy and the corresponding
extinction coefficient [23]. For lidar point cloud data, the light intensity at the top of the
canopy can be regarded as the total number of reflected laser points from the full scene,
and the bottom light intensity is regarded as the number of reflected laser points from the
part below 2 m above the ground (corresponds to Tomoradar). Thus, the lidar-derived
canopy effective LAI of each plot was obtained by Equation (3) [40]:

LAI = −2 ln
Rg

Rt
, (3)

where Rg is the number of reflected laser points from the part below 2 m above the ground
and Rt is the total number of reflected laser points from the full scene.

3. Results
3.1. Forest Scenes Simulation

The forest scenes simulation at different succession stages can reproduce the canopy
LAI (actual LAI) changing over time. Using the ZELIG model and corresponding local
parameterization as mentioned above, the canopy LAI distribution of the simulated 10,000
plots is presented in Figure 6.
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Figure 6. The canopy actual LAI distribution of the simulated 10,000 plots. There are
200 plots for each succession stage over 100 years with an interval of 2 years. The red lines
represent the median of the LAI distribution; the blue rectangles represent the upper and
lower quartile interval; the black dashed lines represent the upper and lower limits; and
the red dots represent the outliers of the LAI distribution.

Figure 6 demonstrates the process that the canopy LAI of the simulated plots increased
rapidly over time and finally stabilized. Further, their distribution range was from close
to 0 to about 9.0. Specifically, for the first 30 years of the succession from the bare ground,
the canopy LAI of the simulated plots presented a logistic growth pattern, and the median
of the canopy LAI distribution was stable at around 7.0. During this period, the 200 plots
at each succession stage had a relatively unified canopy LAI distribution. For the 30 to
100 years of succession, the median of the canopy LAI distribution was still about 7.0 at
each stage, however, the canopy LAI distribution at the same succession stage tends to be
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dispersed, which was determined by the random process in the death and regeneration
module of the individual tree in the ZELIG model. In general, the canopy LAI distribution
of the 10,000 simulated plots basically covered the possible canopy LAI at Evo, which met
the needs of our approach to estimate the canopy LAI.

3.2. The Relative Overlapping Rate and Uncertainty

The Tomoradar average waveform of each plot was compared with the 50,000 sim-
ulated waveforms to determine the potential plot scenes and corresponding canopy LAI
attributes. The matching degree of the acceptable waveforms over 2 m above ground
and the uncertainty of the estimated canopy LAI of two example plots are illustrated in
Figure 7, which contained the best matching simulated waveform, the range of the top 30
best matching simulated waveforms, as well as their corresponding canopy LAI and their
coefficients of variation. Figure 7 shows that, for some plots, the acceptable waveforms had
high relative overlapping rate with Tomoradar waveform, and revealed a clear forest scene
for which simulated canopy LAI differ slightly (Figure 7a,b). On the other hand, the accept-
able waveforms for other plots, of which the RO was insufficient, showed ambiguities in
canopy LAI estimation (Figure 7c,d).
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Figure 7. The matching degree of the acceptable waveforms over 2 m above ground and the uncer-
tainty of the estimated canopy LAI of two example plots. (a,c) The Tomoradar average waveform
(red), the best matching simulated waveform (blue), and the range of all acceptable waveforms (light
bule); the relative overlapping rate (RO) of all acceptable waveforms in (a,c) were > 80% and > 70%,
respectively; (b,d) the estimated canopy LAI distribution for all acceptable waveforms and their
coefficients of variation (CV), defined as uncertainty.

The mean RO of the acceptable waveforms was utilized to characterize the matching
degree in the plot. The mean RO of the acceptable waveforms of all 60 plots is presented
in Figure 8a. An analysis has shown that the number of plots where the mean RO of the
acceptable waveforms reaching the threshold (0.7) accounted for 95% of the total plots.
There were 44 plots with a mean RO between 0.7 and 0.8 in this simulation, which was
the largest proportion. Figure 8b shows the distribution of the coefficients of variation of
canopy LAI estimation for all 60 plots. There were 48 plots with a coefficient of variation
lower than 0.20, accounting for 80% of all plots, which presented the low uncertainty of the
canopy LAI estimation in this research. In addition, the coefficients of variation were more
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concentrated in two intervals of 0.05 to 0.10 and 0.10 to 0.15, which contained 23 plots and
12 plots, respectively.
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Figure 8. (a) The mean relative overlapping rate (RO) distribution of the acceptable waveforms and
(b) the coefficients of variation of canopy LAI estimation for all 60 plots.

In addition, the relationship between the mean RO and uncertainties for all plots are
shown in Figure 9. In order to reflect the possible differences caused by the characteristics
of plot scenes and the number of matching waveforms, the mean canopy height (MCH)
and the number of acceptable waveforms of each plot were used in the mapping.
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Figure 9. The relationship between the mean RO and uncertainties for all plots. The red dots
represent plots with the mean canopy height (MCH) greater than or equal to 5 m, while the blue
dots represent plots with an MCH less than 5 m. The larger dots mean that the number of acceptable
waveforms reached 30 in the matching process, while the smaller dots mean that the number was
less than 30.

Figure 9 shows that there is no clear correlation between the mean RO of plot and the
canopy LAI estimation uncertainty (p = 0.25). However, the waveform matching degree
and the uncertainty of canopy LAI estimation presents promising results, respectively. The
mean RO of the plot was higher than 0.70 in general, and the coefficient of variation of esti-
mated canopy LAI was less than 0.20 for the most part of plots. Specifically, compared with
most plots with higher MCH, the only 8 plots with an MCH of less than 5 m showed bigger
uncertainty in canopy LAI estimation, even though the waveform matching performed
well. For 7 plots with less than 30 acceptable waveforms, there were poorly waveform
matching, but the coefficients of variation of 5 plots were less than 0.20.
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3.3. Canopy LAI Estimation

Based on the waveform matching, the canopy LAI of each plot was determined by the
mean value of the possible canopy LAI. The distribution of the estimated canopy LAI of all
60 plots is shown in Figure 10a, and the corresponding estimation uncertainty distribution
is shown in Figure 10b.
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The general distribution of canopy LAI was that the high canopy LAI (6.1 to 8.0) was
concentrated mainly on the dense forest zone in the middle of the selected stripe, while the
approximate non-forestland located in the south had an estimate less than 1.0 (Figure 10a).
For the distribution of uncertainty as shown in Figure 10b, the coefficients of variation
in the middle of the selected stripe were less than 0.20, however, in the forest zone with
low LAI located in the south and north, the coefficients of variation were relatively high,
especially in the areas with an estimated canopy LAI less than 2.0.

The estimated canopy LAI derived from Tomoradar was compared with lidar-derived
canopy LAI estimates for each plot. Their relationship was investigated, and the scatter
plot is illustrated in Figure 11.

Figure 11 shows that compared with the lidar-derived estimation result, the Tomoradar-
derived canopy LAI estimates were higher. The Tomoradar-derived canopy LAI estimates
were mostly distributed between 7.0 and 8.0, and another part was concentrated around
5.0, while the lidar-derived estimation result was distributed between 2.0 and 5.0, and the
value between 2.0 and 3.0 accounted for more. There were 8 plots with an MCH of less than
5 m, of which the estimated canopy LAI was less than 2.0 for both Tomoradar-derived and
lidar-derived. The coefficient of determination between the Tomoradar-derived canopy
LAI estimates and that of lidar-derived was 0.46, and the root mean square error (RMSE)
was 1.81.
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4. Discussion

This study demonstrated an approach for estimating the canopy LAI using Ku-band
profile radar waveforms with the waveform matching method based on linking the 3D
RT model RAPID2 and forest gap model ZELIG. By calculating the relative overlapping
rate between the observed and simulated waveforms, the top 30 best matching simulated
waveforms with RO above the threshold of 0.7, as acceptable waveforms, were employed to
acquire possible canopy LAI. The matching degree of the acceptable simulated waveforms,
the probability distribution of forest canopy LAI, and the final canopy LAI estimation
results were explored. In the following section, we discuss the results in detail, as well as
the advantages and limitations of the approach.

4.1. Uncertainty of the Canopy LAI Estimation

The uncertainty of the canopy LAI estimation is mainly discussed from three aspects,
the relationship between waveform matching degree and the uncertainty, the relationship
between canopy LAI level of plots and the uncertainty, as well as the divergence of canopy
LAI estimation results between Tomoradar-derived and lidar-derived.

Figure 9 shows an ambiguous relationship between the mean RO and the canopy LAI
estimation uncertainty, even if they had good performance separately. As the mean RO
of plots increased, the uncertainty of canopy LAI estimation did not present a downward
trend. Especially for plots with a mean RO between 0.7 and 0.8, their uncertainties were
discretely distributed between 0.04 and 0.40, and mostly concentrated below 0.20. To our
knowledge, a similar situation arises in a previous study using full-waveform lidar to
estimate the biomass in the Amazon rainforest [25]. In the lidar waveform matching process,
the mean RO was generally greater than 0.70, and the coefficient of variation of estimated
forest aboveground biomass was about 0.2. However, for some plots, the estimated
aboveground biomass values differ, while the simulated waveforms are similar. They
proposed that due to different species with various wood densities, the forest aboveground
biomass values may not be consistent, although there are trees with the same shape and
size in the scene. Similarly, for scenes with the same Ku-band response, they may still
correspond to different canopy LAI, considering that the various leaf parameters of different
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species lead to different scattering contribution. Thus, there is no strict relationship between
the mean RO and the canopy LAI estimation uncertainty.

For the distribution of the canopy LAI estimation uncertainty, an uncommon situation
is that the uncertainty was lower in plots with high canopy LAI level, but higher in plots
with thin forest stand, as shown in Figure 10. This is, to some extent, due to the uncertainty
expressed as the coefficient of variation of estimated canopy LAI. The coefficient of variation
is obtained by dividing the standard deviation of the observations by the mean value. When
the estimated canopy LAI is close to 0, a small disturbance will cause a huge impact on the
coefficient of variation. In response to this problem, another evaluation index, the quartile
coefficient of dispersion (QC), was used to express the uncertainty. The distribution of
quartile coefficient of dispersion for all 60 plots canopy LAI estimation is presented in
Figure 12a, and the corresponding uncertainty (QC) distribution in the selected stripe is
presented in Figure 12b.
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We find that there were 53 plots with the quartile coefficient of dispersion of less than
0.20 for all 60 plots canopy LAI estimation (Figure 12a), which proves the low uncertainty
of canopy LAI estimation in this study. For the uncertainty distribution, the QC-expressed
uncertainty distribution is similar to that of the CV-expressed (Figure 12b). Compared
to the higher CV-expressed uncertainty in the thin forest plot, the QC-expressed uncer-
tainty is reduced to a certain extent, by eliminating the self-influence of the canopy LAI
estimates level on the uncertainty evaluation. However, the thin forest plot with the higher
uncertainty canopy LAI estimation still exists. This phenomenon could be related to the
variation of tree species. The thin low-canopy-LAI plots mainly match the early succession
scene, which contains more various tree species composition in most cases than that of the
late succession scene. Considering that the scattering contributions of different tree species
are distinctive, the plots composed of different tree species may obtain similar waveforms.
Therefore, the thin forest plot presented the relative higher uncertainty of canopy LAI
estimation.

Figure 11 illustrates the relationship between the Tomoradar-derived canopy LAI
estimates and that of the lidar-derived. Compared to the lidar-derived estimates, the
higher canopy LAI estimates were acquired with Tomoradar in this study. The possible
reasons for the difference were analyzed from two aspects. One, for the Tomoradar-derived
canopy LAI, the forest gap model ZELIG generates the forest scenes with actual LAI,
which leads to the actual LAI obtained by the waveform matching method, while the
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lidar-derived LAI estimates are the effective LAI [40], which are often smaller than the
actual LAI [41]. Two, since Tomoradar has stronger penetration than lidar [21], Tomoradar
has more opportunities to gain the completed canopy LAI.

4.2. Comparison of Accuracy in Canopy LAI Estimation

To our knowledge, there are very few studies on deriving LAI from profile radar
data. Zhu (2018) used Tomoradar data to estimate the canopy LAI based on Beer–Lambert
law, and analyzed its relationship with lidar-derived LAI, but specific LAI value was not
given [24]. In the estimation process, Zhu ignored the reflectance difference between the
ground and various tree species at Ku band and the difference of the extinction coeffi-
cient in forest canopy between the Tomoradar signal and lidar signal. As a result, the
Tomoradar-derived LAI was in good agreement with the lidar-derived LAI, the coefficient
of determination was 0.65, and the RMSE was 0.098. However, combined with the finding
of this research, the difference of backscattering contributions between the ground and
various tree species has an evident impact on canopy LAI estimation, which should be
noticed in future studies with semi-empirical methods. Although the actual canopy LAI in
the selected stripe cannot be acquired as the reference in this study due to lack of ground
measurements, our findings are meaningful and supplement to the forestry application of
Tomoradar data.

To be general, a few studies on forest canopy LAI estimation using SAR data are also
used for comparison. Manninen et al. (2005) utilized linear regression to complete the LAI
estimation of boreal forest in central Finland using C band ENVISAT ASAR data [14]. In
their study, the VV/HH polarization ratio had a good correlation with the LAI ground
measurements, and the mean LAI estimation error was 0.3 for Norway spruce dominated
plots, 0.07 for Scots pine dominated plots, and 0.27 for mixed forest plots. In 2013, their
team employed a large amount of ENVISAT ASAR data and plot data to further analyze the
linear regression relationship in the boreal and subarctic area [15]. They found out that a
large observation angle is conducive to LAI estimation for side-looking radar. By increasing
the number of pixels in the average backscattering process, the LAI estimation error tends
to decrease exponentially. When high spatial resolution LAI estimation is required, more
multi-temporal images covering the same area could reduce the LAI estimation error.
Comparing the above-mentioned studies, it is important to emphasize the differences
in methodology, although the estimation accuracy is lower (the RMSE was 1.81) in this
study due to the reasons discussed in Section 4.1. By linking the forest gap model and
the radiative transfer model, we explored the potential canopy LAI distribution of similar
waveforms, and gave the estimated value of canopy LAI and the corresponding uncertainty,
instead of regression results based on existing data. Clarifying the source of uncertainty in
the estimation process will help the establishment of semi-empirical models with better
estimation accuracy in the future. In addition, the uncertainty of the potential canopy LAI
distribution is satisfactory in this study.

4.3. Advantage of the Approach

The current study has several advantages in terms of estimating canopy LAI with
profile radar waveform. First, the differences of backscattering coefficients between the
forest canopy and the ground and between different tree species were considered in the
canopy LAI estimation process. The different backscattering coefficient means different
backscattering energy contribution, which has an evident impact on forest parameters
estimation. In previous studies, these differences are often assumed to be non-existent,
especially for the difference between tree species.

Second, the entire Tomoradar waveforms were employed to quantify the canopy
LAI. Compared with various Tomoradar metrics, such as forest height and backscattering
energy quantile height, the entire waveform information shows the vertical heterogeneity
of canopy LAI comprehensively and intuitively. By matching Tomoradar waveform with
simulated waveforms, the similar simulated waveforms and the corresponding canopy
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LAI are obtained, which puts forward new ideas for canopy LAI estimation, instead of
relying on a specific formula traditionally.

Third, the range of potential canopy LAI and the corresponding uncertainty can
be determined by our approach. In previous studies, remote sensing metrics are often
combined with the ground measurement. The parameter estimation is carried out by
establishing a statistical relationship, which is not beneficial for estimating the uncertainty.
Utilizing the combination of the RAPID2 model and ZELIG model, a large amount of
plot scenes with various structures and their simulated waveforms are generated. For the
similar waveform, the canopy LAI value of the plot may differ, since different tree species
composition means different leaf backscattering contribution. The tree species-caused
uncertainty of canopy LAI estimation could be presented by the approach. In the future,
this understanding of Tomoradar waveform may be helpful for forest parameter estimation
based on semi-empirical models.

Fourth, our approach is not limited to the size and quantity of ground inventory
plots, and applications at different spatial scales can be carried out by selecting appropriate
profile radar data and forest gap models. According to the characteristics of the Tomoradar
data in this study, the ZELIG model, simulating the forest dynamic at the individual tree
level in a 10 m × 10 m plot, was employed, which provided the complex vertical forest
structure change under a long-term period. When Tomoradar collects data on a large
scale in the future, the combination of the FORMIND model and RAPID2 model is also
a good choice, which is widely used in large-scale forest parameter estimation based on
large-footprint lidar data [25,39,42].

4.4. Limitation of the Approach

Despite the strengths of the approach, there are also some limitations. One shortcom-
ing appears in forest scenes simulation with the ZELIG model. Although this research
considers the growth, death, and regeneration on the individual tree level, as well as the
environmental constrains and the interaction between the individual, the simplification
and the uncertainty of environmental parameters exist in the ZELIG model, like every
forest gap model. Further, compared to the plot with the size of 1 or 0.16 km2 in large-scale
parameter estimation [25,39], the size of the plot in this study is only 100 m2. The smaller
the scene, the greater the distortion may exist between the simulated and actual scenes,
because the average effect is more obvious in the large scene [39]. It is probably that there
are forest structure differences between simulated succession stage and actual succession
stage in the study area. However, we do not pay attention to the specific succession stage
of the scene. We believe that if enough scenes with various canopy LAI distribution are
generated, which could include the canopy LAI distribution in natural scenes, we have the
opportunity to estimate the canopy LAI accurately. In fact, for more than 95% of the actual
plots, the relative overlapping rate between the acceptable simulated waveform and the
Tomoradar waveform is greater than 0.7, and the canopy LAI estimation uncertainty of
most of them is less than 0.20.

Another shortcoming appears in waveform simulation with the RAPID2 model. A
primary problem in the application of 3D radiative transfer is that a large amount of
inputs are required to describe the scene. Although the forest gap model ZELIG provides
individual tree parameters, such as DBH, height, crown length, and leaf area, etc., more
detailed canopy parameters (such as branches and twigs) and the dielectric constants of
each component are set according to previous studies. It is possible that the errors of
individual tree backscattering contribution may lead to inaccurate waveform simulation.
However, it is difficult to measure the numerous parameters of canopy accurately even
though ground inventory could be applied. On the other hand, the applied canopy
parameters were used with the Tomoradar waveform simulation at Evo in the previous
study, and a good simulation was achieved [22]. Hence, we assume that the inputs of
waveform simulation are reliable, to some extent, and the uncertainty arisen from the
inputs should be smaller than canopy structure-caused and tree species-caused uncertainty.
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5. Conclusions

In this study, we proposed a method of linking the 3D radiative transfer model RAPID2
and forest gap model ZELIG to estimate canopy LAI using profile radar waveform, which
is analogously used in large-footprint waveform lidar [25,39,42].

It has been proven that the combination of the forest gap model and 3D radiative
transfer model is feasible to exploit the entire profile radar waveform for forest canopy
LAI estimation. The advantage of our approach is that the inversion is not restricted by
insufficient ground inventory. A remarkable fact has been noticed that both uncertainties
from the canopy structure and tree species can cause errors on canopy LAI estimation. This
understanding of Tomoradar waveform may be conducive to empirical study for forest
parameter estimation.

It should be noted that the RAPID2 model is the first 3D model unifying the radiative
transfer simulations on optical, thermal infrared, lidar, side-looking radar, and profile
radar with a common 3D scene and consistent input parameters, which makes RAPID2
have great potential on multi-source data fusion research. Thus, we will further explore
the possibility of combining the RAPID2 model and forest gap model to estimate forest
parameters utilizing multi-source data to improve the accuracy of LAI retrieval.
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