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Abstract: An airborne Ku-band frequency-modulated continuous waveform (FM-CW) profiling radar,
Tomoradar, records the backscatter signal from the canopy surface and the underlying ground in the
southern boreal forest zone of Finland. The recorded waveforms are transformed into canopy height
profiles (CHP) with a similar methodology utilized in large-footprint light detection and ranging
(LiDAR). The point cloud data simultaneously collected by a Velodyne® VLP-16 LiDAR on-board the
same platform represent the frequency of discrete returns, which are also applied to the extraction
of the CHP by calculating the gap probability and incremental distribution. To thoroughly explore
the relationships of the CHP derived from Tomoradar waveforms and LiDAR data we utilized the
effective waveforms of one-stripe field measurements and comparison them with four indicators,
including the correlation coefficient, the root-mean-square error (RMSE) of the difference, and the
coefficient of determination and the RMSE of residuals of linear regression. By setting the Tomoradar
footprint as 20 degrees to contain over 95% of the transmitting energy of the main lobe, the results
show that 88.17% of the CHPs derived from Tomoradar waveforms correlated well with those from
the LiDAR data; 98% of the RMSEs of the difference ranged between 0.002 and 0.01; 79.89% of the
coefficients of determination were larger than 0.5; and 98.89% of the RMSEs of the residuals ranged
from 0.001 to 0.01. Based on the investigations, we discovered that the locations of the greatest CHP
derived from the Tomoradar were obviously deeper than those from the LiDAR, which indicated
that the Tomoradar microwave signal had a stronger penetration capability than the LiDAR signal.
Meanwhile, there are smaller differences (the average RMSEs of differences is only 0.0042 when the
total canopy closure is less than 0.5) and better linear regression results in an area with a relatively
open canopy than with a denser canopy.
Keywords: Ku band profile radar; LiDAR; power waveform; point cloud; canopy height profile

1. Introduction
Forest covers approximate 30% of the global land area, which plays a significant role in the
natural circulation of carbon and the mitigation of climate change [1]. These important ecological
processes are usually affected by the canopy vertical structure (CVS), which is defined as the quantity
and arrangement of the canopy along the vertical axis [2]. As a characterization of CVS, the canopy
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height profile (CHP) represents the relative canopy vertical distribution that depicts the fraction of
total plant area.
There are two categories of measurement techniques to estimate the CHP: traditional ground
methods and advanced remote sensing approaches. A representative ground method to obtain
canopy height profiles is the point sampling quadrat provided by Wilson, who measured the points
of intercepting foliage along a series of vertical transects from the top to bottom of the canopy by
utilizing several lines [3]. An improved point quadrat method was developed by MacArthur and
Horn using a calibrated telephoto camera [4], and applied by Arber to northern temperate canopies [5].
These field inventories are obviously time-consuming, laborious, expensive, and inappropriate for
a large-scale measurement.
Conversely, remote sensing technology can provide more accurate measurement of
spatially-continuous properties of forest structure over large areas in a rapid manner. Passive optical
remote sensing systems mainly collect the reflected sunlight from the exterior canopy surface and
are almost unable to acquire the information inside the canopy due to topographical occlusion, the
limitation of the employed spectral range, and poor illustration conditions. They can hardly capture
the vertical forest structure directly and exclusively obtain the limited characterization of the canopy
structure, such as tree crown and leaf area index (LAI) [6–8]. Airborne light detection and ranging
(LiDAR) can partially penetrate the canopy and reveal the vertical structure of the canopy by using
small-footprint laser data, such as discrete returns or digitalized waveforms [9]. There are two typical
processing approaches to extract the CHP with small-footprint LiDAR data: (1) derivation of gap
probability and the corresponding incremental distribution at optional areas for LiDAR point clouds
with high point densities [10–13]; and (2) the methodology used in spaceborne large-footprint full
waveform LiDAR [14,15], but small-footprint LiDAR waveforms first need to be aligned according to
the elevation and summed to generate an accumulative large-footprint waveform [16–18]. According
to the character of full waveforms and their relationships with CVS, Harding et al. [15] provided
the procedures of transforming waveform data of the Scanning LiDAR Imager of Canopies by Echo
Recovery (SLICER) into the CHP and validated the results with the ground-based measurements.
For acquiring canopy height and other vertical canopy structure information, a light-weighted
Ku-band frequency-modulated continuous waveform (FM-CW) airborne profiling radar, named
Tomoradar, was designed by the Finnish Geospatial Research Institute (FGI), which is currently the
only available Ku-band profiling radar for forest measurements to the best of our knowledge [19–21].
Tomoradar on-board an airborne platform can collect the full polarization backscattered waveforms
within the footprint of several meters from the forest with an operational altitude of several tens of
meters. Furthermore, a Velodyne® VLP-16 LiDAR installed on the same platform was employed to
offer a coincident laser point cloud. Considerable amount of research has been carried out in the
field of retrieving forest biomass from satellite radar data. There have been two main research lines,
using either (1) SAR backscattering information [22] or (2) elevation models extracted from the SAR
data [23], to retrieve forest biomass estimation models. Without going too deep into the details of
these techniques, one of the main challenges today is to better understand the interaction of radar
waves with forest vertical structures under variable environmental conditions. By comparing the
Tomoradar waveforms and high-density ALS data, it may be possible to advance the understanding
of spaceborne radar responses from forests as well and, accordingly, contribute to the current SAR
satellite-based biomass retrieval models. Thus, in this paper, the estimations of the CHP, which
is a typical characterization parameter, are investigated using Tomoradar waveforms and LiDAR
discrete returns.
In this research, a processing method of deriving the CHP from Tomoradar waveforms was
developed on the basis of the methodology used in the large-footprint waveform LiDAR while, for
LiDAR data, the CHP extracted from the small-footprint LiDAR with discrete returns were utilized.
One stripe of the Tomoradar field measurements containing 6766 effective waveforms of boreal forest
data in Southern Finland were employed to extract the canopy height profile. According to the

Remote Sens. 2018, 10, x FOR PEER REVIEW
Remote Sens. 2018, 10, 701

3 of 15
3 of 16

LiDAR were investigated thoroughly. The results may provide guidance for potential applications of
using radar sensors for forest inventories.
difference and linear regression analysis, the comparisons of CHP extracted from Tomoradar and
The rest of this paper is organized as follows: Section 2 describes the study area, Tomoradar
LiDAR were investigated thoroughly. The results may provide guidance for potential applications of
waveforms, and LiDAR data, and illustrates the methods of derivation and comparisons of the CHP;
using radar sensors for forest inventories.
Section 3 expounds the comparison of CHP result; and, finally, the conclusions are drawn in Section
The rest of this paper is organized as follows: Section 2 describes the study area, Tomoradar
4.
waveforms, and LiDAR data, and illustrates the methods of derivation and comparisons of the CHP;
Section
3 expounds
the comparison of CHP result; and, finally, the conclusions are drawn in Section 4.
2.
Materials
and Methods
2. Materials and Methods
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Figure 2. (a) Raw Tomoradar waveform profiles in one stripe in HH mode; (b) normalized power

Figure 2. (a) Raw Tomoradar waveform profiles in one stripe in HH mode; (b) normalized power
waveforms converted from raw Tomoradar waveforms; (c) a single power waveform at the green line
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location of the power waveforms. All raw Tomoradar waveforms are scaled from 20 m to 90 m for
line location
of the power
raw
Tomoradar
20 m isto 90 m
better illustration,
evenwaveforms.
though they All
were
recorded
from 10waveforms
m to 150 m.are
Thescaled
powerfrom
waveform
for better
illustration,
though they
wereofrecorded
from 10 m to 150 m. The power waveform is
normalized
by its even
corresponding
maximum
each measurement.
normalized by its corresponding maximum of each measurement.
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2.3. LiDAR Data
this research.
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same platform as the Tomoradar to offer a laser point cloud of the study area. The Velodyne®
LiDAR records the first and strongest return for every transmitted laser pulse with a beam size of
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are simultaneously generated with uniform distributions across the flying track. The average
were also utilized. However, the data is mainly used as a DEM model, and all the comparisons were
point density was approximately 36 points per square meter for the selected stripe. For the purpose
based on data collected by VLP-16 laser scanner and Tomoradar.
of determining the centres of the laser point cloud within the Tomoradar footprint on the ground,
higher-precision LiDAR data collected by a Leica® ALS70-HA laser scanner at Evo in 2015 were also
utilized. However, the data is mainly used as a DEM model, and all the comparisons were based on
data collected by VLP-16 laser scanner and Tomoradar.
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(1) Filtering Noise for Raw Power Waveform
In order to eliminate the influence of noise on the power signal and improve the signal to noise
ratio of the power waveform, a weighted averaging factor with a normalized Gaussian distribution
f (d) was convolved with the raw power waveform Pr (d) [26], and the processed power waveform
Pf (d) was described as:
d2
exp − 2
Pf (d) = ∑k Pr (dk ) f (d − dk + ∆d), and f (d) = √
2ω
2πω
1




(1)

Here, ∆d is the sampling resolution of the Tomoradar waveform, dk takes values from −3ω to
3ω, where ω is the root mean square (RMS) width of the Gaussian function. The filtering window
seven times the length of the signals is employed to mitigate the noise level and smooth the raw
power waveform.
(2) Identifying Canopy and Ground
The last return above noise is supposed to be the backscattered signal from the ground, and its
peak location can be determined by searching for the last one of local maximum points of the processed
power waveform. We approximately considered the position as the centroid of the Tomoradar footprint
on the ground, and selected a point 2 m above ground as a boundary to differentiate the ground return
and canopy return in this paper. The canopy top and end of the ground were identified by seeking
the first and latest signal above a threshold that was three times the standard deviation of the noise
according to three-standard-deviations principle.
(3) Canopy Closure Profile
A return energy profile E(d) was produced through calculating the area underneath each processed
power waveform. The energy within each sampling interval roughly is the average of adjacent
power amplitudes multiplied by the time interval represented by the 15 cm range resolution. Then
a cumulative height distribution of the canopy return (canopy closure profile) was computed by
sequentially adding up the energy profile from the canopy top to 2 m above ground, and normalized
by the total energy including the canopy return and ground return. Considering the difference of
the scattering coefficient between the canopy and the ground, the canopy closure profile C (d) was
adjusted by scaling the ground energy as [27]:
C ( di ) =

∑ik+=1top E(dk )
∑2m
k =top E ( dk ) +

1
γ

∑end
k =2m E ( dk )

, and dc ≤ di ≤ d2

(2)

where di and dk denote the distance from the helicopter to the i-th and k-th canopy layer; dc and
d2 are the distances from the helicopter to the canopy top and the 2 m boundary above ground,
respectively. The scaling factor γ, corresponding to scattering coefficient ratio between canopy and
ground, is supposed to be one in the paper, since the reflectance ratio is also ignored when calculating
the canopy closure with discrete LiDAR returns in the following section.
The last element of the canopy closure profile (total canopy closure) is the ratio of the canopy
returns to ground returns, and is closely relevant to the density of the canopy. A small total canopy
closure indicates open canopy woodlands allowing more microwave energy to penetrate inside their
canopy. Conversely, a large total canopy closure can be produced when the microwave projects into
a relatively closed canopy.
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(4) Cumulative Distribution of the Plant Area
The consequence of occlusion of the canopy closure profile was corrected by applying the
MacArthur-Horn methodology [3], similar to the processing approach of the LiDAR signal, and
then transformed to the cumulative plant area A T (di ) by the following:
Remote Sens. 2018, 10, x FOR PEER REVIEW

A T (di ) = −ln[1 − C (di )].

(3)
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2.4.2. Derivation
As for
for the
the study
study stripe,
stripe,the
thediameter
diameterofofthe
theTomoradar
Tomoradarfootprint
footprintononthe
theground
groundvaried
varied
from
As
from
a
a minimum
maximumofof7.4
7.4mmdue
duetotoflying
flyingheight
heightchanges
changesbetween
between57.4
57.4m
mand
and70.7
70.7m.
m.
minimum
ofof
6.16.1mmtotoa amaximum
LiDAR data
data inside
inside each
each Tomoradar
Tomoradar footprint cone was accepted to be used to compute the
Only the LiDAR
CHP, as illustrated in Figure 5.
5.

(a)

(b)

®
Figure
Figure 5.
5. (a)
(a) The
The Velodyne
Velodyne® LiDAR
LiDAR point
point cloud
cloud within
within one
one Tomoradar
Tomoradar footprint
footprint cone,
cone, the
the ground
ground
return
and
canopy
return
are
derived
by
calculating
the
number
of
point
cloud
in
the
specified
return and canopy return are derived by calculating the number of point cloud in the specifiedregion;
region;
and
(b)
the
Tomoradar
transmitted
antenna
pattern,
and
its
divergence
angle
is
inconstant
with
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The gap probability Gp(di) can be estimated by accumulating the numbers of laser hits from the
canopy top to a certain distance d and normalizing it by the total numbers of LiDAR point clouds (N)
within the Tomoradar footprint cone:
( )=1−

#

|

.

(5)

where #dk represents the numbers of laser hits down to a preset boundary di above the ground (2 m
in this research).
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The gap probability Gp (di ) can be estimated by accumulating the numbers of laser hits from the
canopy top to a certain distance d and normalizing it by the total numbers of LiDAR point clouds (N)
within the Tomoradar footprint cone:
G p ( di ) = 1 −

{#dk |dk > di }
.
N

(5)

where #dk represents the numbers of laser hits down to a preset boundary di above the ground (2 m in
this research).
Likewise, we can also acquire the cumulative plant area A L (di ) and the CHP FL (di ) derived from
the LiDAR data based on the MacArthur-Horn methodology and the definition of CHP, which can be
described by:


di f f ( A L (di ))
A L (di ) = −ln G p (di ) , and FL (di ) =
(6)
max( A L )
2.4.3. Comparison Method
To describe the differences of the CHP extracted from Tomoradar waveforms (FT ) and LiDAR data
(FL ), a correlation coefficient (R2 ) and a RMSE of the differences (δd ) were computed by the following
expressions:
s


2
F
F
−
F
F
−
∑
∑( FT − FL )
T
L
L
T
R2 = q
(7)
,
and
δ
=
d
2
2
n−1
∑ FT − FT ∑ FL − FL
where FT and FL are the means of FT and FL , and n is the number of canopy height profiles.
Additionally, a linear regression analysis was applied in estimating the relationships among
FT and FL . If we define that FR is the fitted value of FT with a linear model, then the coefficient of
determination (r2 ) and the RMSE of residuals (δR ) are given by:
2

∑( FT − FR )
r2 = 1 −
2 , and δR =
∑ FT − FT

s

∑( FT − FR )
n−1

2

(8)

3. Results and Discussion
Due to the complexity of the flight trajectory, only Tomoradar measurements at the proximate
nadir direction are applicable to derive the CHP. The nadir angle of the Tomoradar can be determined
according to the roll angles from the IMU onboard the helicopter. When the nadir angles are less than
five degrees, approximately 67% of the raw waveforms (6766 of 10,002 measurements) are reserved to
be investigated.
According to above-mentioned method, we compute the CHP for 6766 measurements by using
the Tomoradar waveforms and LiDAR data, the distributions of which versus the distances to the
helicopter are illustrated in Figure 6.
It can be perceived that the tendency of the CHP extracted from Tomoradar waveforms are
nearly similar as those from the LiDAR data, as Figure 6a,b presents. From the canopy top to 2 m
above ground, the CHP are multimodal structures for all the measurements, as an example of the
6000th measurement in Figure 6c. Moreover, the locations of greatest CHP in Figure 6d derived from
Tomoradar results are obviously deeper than those from LiDAR, and the average difference approaches
2.59 m. This demonstrates that more microwave energy passes through the interior of the canopy,
which proves the Tomoradar microwave signal has a stronger penetration capability than the LiDAR
signal even though the Ku band has lower penetration than longer-wavelength bands, such as the C
band and P band.

nearly similar as those from the LiDAR data, as Figure 6a,b presents. From the canopy top to 2 m
above ground, the CHP are multimodal structures for all the measurements, as an example of the
6000th measurement in Figure 6c. Moreover, the locations of greatest CHP in Figure 6d derived from
Tomoradar results are obviously deeper than those from LiDAR, and the average difference
approaches 2.59 m. This demonstrates that more microwave energy passes through the interior of the
canopy, which proves the Tomoradar microwave signal has a stronger penetration capability than
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a negative
relationship.
each section, we obtain the corresponding proportions to all 6766 measurements (Figure 7b) and
In Figure 7a, the correlation coefficients vary with the measurement number, and range between
enumerate them in Table 1.
–0.40 and 0.93. According to the correlation strength, we divide the correlation coefficients into 10
sections with an interval of 0.2 when they take values from −1 to 1. By counting the numbers within
each section, we obtain the corresponding proportions to all 6766 measurements (Figure 7b) and
enumerate them in Table 1.
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In Figure 7a, the correlation coefficients vary with the measurement number, and range between
–0.40 and 0.93. According to the correlation strength, we divide the correlation coefficients into
10 sections with an interval of 0.2 when they take values from −1 to 1. By counting the numbers
within each section, we obtain the corresponding proportions to all 6766 measurements (Figure 7b)
and enumerate them in Table 1.
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We observe that the canopy height profile derived from the LiDAR data within the cone of 12
We observe that the canopy height profile derived from the LiDAR data within the cone of
degrees is extremely distinguished from the original result within the cone of six degrees, as Figure 9
12 degrees is extremely distinguished from the original result within the cone of six degrees, as Figure 9
presents, which becomes more dispersed and approaches that extracted from the Tomoradar
presents, which becomes more dispersed and approaches that extracted from the Tomoradar waveform.
waveform. The improvement of the correlation coefficient from 0 to 0.81 also confirms that it has a
The improvement of the correlation coefficient from 0 to 0.81 also confirms that it has a higher
higher correlation with the Tomoradar result, and the reason is the main lobe leakage of the antenna
pattern of Tomoradar system. The antenna pattern is usually strongly peaked along the microwave
beam axis, and the spatial dimension is defined by the angular region over which the antenna power
pattern is less than 3 dB below its value at the beam center. However, all antennas have side lobes
and part of the received energy comes from outside the main 3 dB area. Thus, it can lead to some
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correlation with the Tomoradar result, and the reason is the main lobe leakage of the antenna pattern
of Tomoradar system. The antenna pattern is usually strongly peaked along the microwave beam axis,
and the spatial dimension is defined by the angular region over which the antenna power pattern is
less than 3 dB below its value at the beam center. However, all antennas have side lobes and part of
the received energy comes from outside the main 3 dB area. Thus, it can lead to some ambiguities
due to radiation collected via the side lobes and misinterpreted as radiation in the main lobe, just
like the example of the 5270th measurement. The influence of side lobes may be negative or positive,
depending on the vegetation structure within the Tomoradar footprint cone, such as the composition,
geometry,
roughness,
and so on.
Remote
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The updated results in Figure 10a demonstrated that most of the correlation coefficients greatly
increase relative to those in Figure 6a. Meanwhile, we noticed that the updated proportions of the
correlation coefficients in Figure 9b were dependent on the strength of the correlation: very strong
(65.28%), strong (22.89%), moderate (8.79%), weak (2.82%), and very weak (0.22%). An overwhelming
majority of the CHPs (96.96%) derived from Tomoradar waveforms had above-moderate correlation
with those from the LiDAR data.
For quantitatively analyzing the differences of the CHP derived from Tomoradar waveforms
and the LiDAR data, we calculated the RMSEs of the differences (δd ) for all 6766 measurements.
Moreover, we presented the illustrations of δd and total canopy closures in Figure 11 to reveal the inner
Remote Sens. 2018,
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12 of 15
connections
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About 98% of the RMSEs of the difference (δd) varied from 0.002 to 0.01, and the average of the
About 98% of the RMSEs of the difference (δd ) varied from 0.002 to 0.01, and the average of the
difference (μd) was less than 0.012. Furthermore, the RMSEs and total canopy closures fluctuated with
difference (µd ) was less than 0.012. Furthermore, the RMSEs and total canopy closures fluctuated with
completely opposite tendencies for all 6766 measurements. This suggested that CHP derived from
completely opposite tendencies for all 6766 measurements. This suggested that CHP derived from
Tomoradar waveforms were approaching those from the LiDAR data, when the microwave or laser
Tomoradar waveforms were approaching those from the LiDAR data, when the microwave or laser
transmits into a relatively open canopy. However, the differences increased if the microwave or laser
transmits into a relatively open canopy. However, the differences increased if the microwave or laser
projected into a denser canopy due to the different penetration capabilities. In Figure 11, the average
projected into a denser canopy due to the different penetration capabilities. In Figure 11, the average of
of δd for a canopy with smaller total closure (less than 0.5) is 0.0042, and yet which is 0.0058 for a
δd for a canopy with smaller total closure (less than 0.5) is 0.0042, and yet which is 0.0058 for a canopy
canopy
with larger total closure (larger than 0.5).
with larger total closure (larger than 0.5).
3.2. Linear Regression Results
3.2. Linear Regression Results
The purpose of linear regression is to explore whether the CHPs derived from Tomoradar
The purpose of linear regression is to explore whether the CHPs derived from Tomoradar
waveform keep the linear relationships with those from LiDAR data. Taking the 5700th measurement
waveform keep the linear relationships with those from LiDAR data. Taking the 5700th measurement
in the stripe of the study area as an example, we presented a scatterplot of the CHP from Tomoradar
in the stripe of the study area as an example, we presented a scatterplot of the CHP from Tomoradar
waveforms versus that from the LiDAR data and the linear regression results in Figure 12.
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waveforms versus that from the LiDAR data and the linear regression results in Figure 12.
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Comparing the results of different analyses and linear regressions, we noticed that the
Comparing the results of different
analyses and linear regressions, we noticed that the coefficients
coefficients of determination
(r2) and RMSEs of residual (δR) present similar distributions with
of determination (r2 ) and2 RMSEs of residual (δR ) present similar distributions with correlation
correlation coefficients (R ) and RMSE of the differences (δd), individually. However, 2both R2 and δd
coefficients (R2 ) and
RMSE of the differences (δd ), individually. However, both R and δd were
were greater than
r2 and δR, respectively. The comparisons discovered that regression results should
2
greater than r and δR , respectively. The comparisons discovered that regression results should be
be better when the CHPs derived from the Tomoradar waveforms correlate well with those from the
better when the CHPs derived from the Tomoradar waveforms correlate well with those from the
LiDAR data. Meanwhile, in Figure 12a, 79.89% of the coefficients of determination were larger than
LiDAR data. Meanwhile, in Figure 12a, 79.89% of the coefficients of determination were larger than 0.5,
0.5, which denoted that most of the relationships between the CHPs from Tomoradar waveforms and
which denoted that most of the relationships between the CHPs from Tomoradar waveforms and those
those from the LiDAR data can be accurately explained by using the linear regression models.
Furthermore, 98.89% of the RMSEs of residuals (δR) ranged from 0.001 to 0.01, and the averages of the
residuals were approximately zero in Figure 12b.
4. Conclusions
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from the LiDAR data can be accurately explained by using the linear regression models. Furthermore,
98.89% of the RMSEs of residuals (δR ) ranged from 0.001 to 0.01, and the averages of the residuals were
approximately zero in Figure 12b.
4. Conclusions
In this research, we utilize raw data originating from both Tomoradar and VLP-16 LiDAR on-board
the same airborne platform to derive the CHP. Based on the evaluation indicators, including the
correlation coefficient, the RMSE of the difference, coefficient of determination, and the RMSE of the
residuals of linear regression, the comparisons of the CHP extracted from these two sensors were
thoroughly expounded.
The 6766 effective measurements in one stripe of the study area in Southern Finland were applied
in the derivation of the canopy height profile. Through calculation and analysis, we observed that
approximately 74.59% of the measurements had above-moderate correlation strength (a correlation
coefficient greater than 0.4). However, if the Tomoradar footprint beam width was defined as 20 degrees
to contain over 95% of the transmitting energy of the main lobe, the comparisons of the CHPs derived
from Tomoradar and LiDAR data would be notably changed: 96.96% of the CHPs derived from the
Tomoradar waveforms correlated well with those from the LiDAR data (the correlation coefficient is
greater than 0.6). Based on the Tomoradar footprint cone, we obtained the following analysis results:
(1) about 98% of the RMSEs of the difference took values from 0.002 to 0.01, and all averages of the
difference (µd ) were less than 0.012; (2) 79.89% of the coefficients of determination were larger than 0.5;
and (3) 98.89% of the RMSEs of residuals (δR ) ranged from 0.001 to 0.01.
Through investigations in the pape, we can draw some conclusions: (1) Tomoradar waveforms
could be employed in the derivation of the CHP, and provide more detailed information inside
the canopy than the LiDAR data; (2) in a region with a relatively open canopy, the CHPs from
Tomoradar waveforms correlate well and maintain a linear relationship with those from the LiDAR
data. However, the differences of the CHP from Tomoradar waveforms and LiDAR data increased in
a region with a denser canopy; and (3) because of main lobe leakage, the partial comparisons would
be influenced, when the vegetation characters within the outside portion of the main lobe, including
density, composition, geometry, and roughness were obviously different from those within the beam
width (−3 dB).
Due to the differences in wavelength and detection means between the Tomoradar and LiDAR, the
derived canopy parameters would be diverse to some extent. Except for the CHP, more canopy results,
such as percentile height, leaf area index (LAI), biomass, and so on, should be compared in future
research. The analysis may provide some references for the application of Tomoradar waveforms and
data fusion of LiDAR data in forest investigations. A mechanical scanning version of the Tomoradar
might also be investigated for a wider swath with a higher operation efficiency.
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Piermattei, L.; Hollaus, M.; Milenković, M.; Pfeifer, N.; Quast, R.; Chen, Y.; Hakala, T.; Karjalainen, M.;
Hyyppä, J.; Wagner, W. An Analysis of Ku-Band Profiling Radar Observations of Boreal Forest. Remote Sens.
2017, 9, 1252. [CrossRef]

Remote Sens. 2018, 10, 701

22.
23.

24.
25.

26.
27.

28.

16 of 16

Le Toan, T.; Beaudoin, A.; Riom, J.; Guyon, D. Relating forest biomass to SAR Data. IEEE Trans. Geosci.
Remote Sens. 1992, 30, 403–411. [CrossRef]
Yu, X.; Hyyppä, J.; Karjalainen, M.; Nurminen, K.; Karila, K.; Vastaranta, M.; Kankare, V.; Kaartinen, H.;
Holopainen, M.; Honkavaara, E.; Kukko, A.; et al. Comparison of Laser and Stereo Optical, SAR and InSAR
Point Clouds from Air- and Space-Borne Sources in the Retrieval of Forest Inventory Attributes. Remote Sens.
2015, 7, 15933–15954. [CrossRef]
Chen, Y.; Hakala, T.; Karjalainen, M.; Feng, Z.; Tang, J.; Litkey, P.; Kukko, A.; Jaakkola, A.; Hyyppä, J.
UAV-Borne Profiling Radar for Forest Research. Remote Sens. 2017, 9, 58. [CrossRef]
User’s Manual and Programming Guide VLP-16 Velodyne LiDAR. Available online: http://velodynelidar.
com/docs/manuals/63-9243%20Rev%20B%20User%20Manual%20and%20Programming%20Guide,VLP16.pdf (accessed on 10 April 2018).
Parrish, C.E.; Jeong, I.; Nowak, R.D.; Smith, R.B. Empirical comparison of full-waveform lidar algorithms.
Photogramm. Eng. Remote Sens. 2011, 77, 825–838. [CrossRef]
Morsdorf, F.; Kötz, B.; Meier, E.; Itten, K.I.; Allgöwer, B. Estimation of LAI and fractional cover from small
footprint airborne laser scanning data based on gap fraction. Remote Sens. Environ. 2006, 104, 50–61.
[CrossRef]
Feng, Z.; Chen, Y.; Hyyppä, J.; Hakala, T.; Zhou, H.; Wang, Y.; Karjalainen, M. Estimating Ground Level and
Canopy Top Elevation with Airborne Microwave Profiling Radar. IEEE Trans. Geosci. Remote Sens. 2018, 99,
1–12. [CrossRef]
© 2018 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

