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Abstract: Hyperspectral light detection and ranging (LiDAR) (HSL) combines the characteristics of
hyperspectral imaging and LiDAR techniques into a single instrument without any data registration.
It provides more information than hyperspectral imaging or LiDAR alone in the extraction of
vegetation physiological and biochemical parameters. However, the laser pulse intensity is affected
by the incident angle, and its effect on HSL has not yet been fully explored. It is important for
employing HSL to investigate vegetation properties. The aim of this paper is to study the incident
angle effect of leaf reflectance with HSL and build a model about this impact. In this paper, we
studied the angle effect of leaf reflectance from indoor HSL measurements of individual leaves from
four typical tree species in Beijing. We observed that (a) the increasing of incident angle decreases
the leaf reflectance; (b) the leaf spectrum observed by HSL from 650 to 1000 nm with 10 nm spectral
resolution (36 channels) are consistent with those that measured by Analytica Spectra Devices (ASD)
spectrometer (R? = 0.9472 ~ 0.9897); (c) the specular reflection is significant in the red bands, and clear
non-Lambertian characteristics are observed. In the near-infrared, there is little specular reflection,
but it follows the Lambert-scattering law. We divided the whole band (650-1000 nm) into six bands
and established an empirical model to correct the influence of angle effect on the reflectance of the leaf
for HSL applications. In the future, the calibration of HSL measurements applied for other targets
will be studied by rigorous experiments and modelling.

Keywords: hyperspectral LIDAR; leaf angle effect; full bands; spectral signature

1. Introduction

Hyperspectral imager is a passive and non-invasive remote sensing sensor with nanometer
(nm) resolution, which obtains abundant and detailed spectral information of a target [1]. Recently,
hyperspectral remote sensing has become an important method of earth observation in surface
vegetation, and it has been proved in a number of successful studies, such as mineral identification,
vegetation detection, and target classification [2—4], etc. However, passive remote sensing cannot avoid
the effects of light source conditions and shadows, which has limited its broad successful applications.
Moreover, it cannot provide the structural information of the target. In contrast to passive sensors,
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active hyperspectral sensors emit the laser pulse to the target and detect the echoes reflected from the
target [1].

Light detection and ranging (LiDAR) is an efficient active remote sensing technology, which can
accurately measure the distance to the target object and then generate three-dimensional point cloud.
It has advanced the development in 3D information acquisition and topographic and geomorphic
information acquisition [5,6]. LIDAR sensors are insensitive to the environmental illumination change.
However, due to the limitation of laser light sources, traditional LIDAR sensors usually work in a single
wavelength; therefore, they cannot provide abundant spectral information [7-9]. Compared with the
passive hyperspectral sensor that can include hundreds of spectral channels, the spectral information of
single-wavelength LiDAR is limited obviously. Therefore, compared with traditional single-wavelength
LiDAR sensors, the point cloud information with rich spectral information will undoubtedly classify
targets more effectively [4,10], such as cover classification [11], rangeland vegetation classification [12],
etc. In previous studies in remote sensing, lots of results prove that the performance of traditional
LiDAR and hyperspectral data fusion is better than any single sensor, such as land classification, and
vegetation classification [11,12]. However, simple combination of hyperspectral and LiDAR data from
two individual instruments cannot tackle the registration problem [8,13]. Therefore, the fusion of
hyperspectral and LiDAR sensors has become the research hotspot in the community [1].

Hyperspectral LIDAR system combines the active hyperspectral imaging technique and LiDAR
distance measuring technique into a single instrument framework with fine spectral resolution.
Through commercial supercontinuum (5C) laser sources, hyperspectral LIDAR (HSL) emits the laser
pulses and receives its echo, which includes high spectral information of the target and the LiDAR
echo information, in order to obtain the geometrical characteristics of the target, such as the spatial
information and spectral information [14]. This method is a perfect fusion of accurate three-dimensional
information from LiDAR and hyperspectral information [1]. Given the advantage of not relying on
sunlight and not being affected by the observed geometric information, hyperspectral LIDAR can
obtain the three-dimensional structure and spectral information of understory vegetation [8].

A two-channel HSL was developed and tested in Finland in 2010, in which optical filters were
utilized as a spectroscopic device [8]. HSL hardware prototype in full band was designed at the Finnish
Geodetic Institute, which was used for vegetation remote sensing in 2012 [13]. Recently, various
applications of HSL have been reported, such as coal/rock classification [15], vegetation detection [14],
vegetation index extraction [16], architecture preservation [17], and ore classification [18].

Recently, terrestrial LIDAR with multiple-wavelength information was proved to be an effective
way to combine the structural and spectral information. However, the effect of measurement geometry
on LiDAR echo need to be studied further, such as the incidence angle, which plays an important
role in the interaction of laser and target. Incidence angle is defined as the angle between the laser
incidence direction and the normal direction of the target surface. Many studies have been made on
the angle effect of monochromatic laser scanners, which aimed for the calibration and improvement of
the laser scan results, such as the role of surface irregularities on the intensity data and the influence of
the local scan geometry on the signal to noise ratio [19-22]. However, there is few researches using
multispectral and hyperspectral LIDAR. New results about hyperspectral LIDAR measurements with
8-channel emerges recently [10], but the information of more different bands is needed in the research
of the incidence angle effect. Furthermore, the effect for different leaves is also not yet completely
understood. In former researches, the leaf is approximately considered to depend on the Lambert’s
law. Therefore, researchers believe that the measured reflectance is only affected by the species of
target leaf rather than the incidence angle [23].

However, there is no study on exploring the angle effect on the continuous full-band HSL so far.
Thus, there is a growing need for systematic experiments on the effects of leaf geometry and structure
on laser return intensity in full-band HSL. Full-band information is used in our research, and more
available spectral information of different leaf species can be used to study the change of backscattering
in different bands, and the angle effect of HSL can be corrected in the whole band using the model.
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The main goal of this paper is to explore the effect of measurement geometry on echo intensity
retrieved by a hyperspectral LIDAR instrument. We study the effect of incidence angle on laser
backscatter from different leaves at different wavelengths and establish a reflectance correction model
for hyperspectral LIDAR with different leaf inclinations at different wavelengths.

2. Material and Methods
2.1. Material Preparation and Measurement

2.1.1. Leaf Samples

In this experiment, we selected five leaves of common four tree species in Beijing (Table 1) as
observation targets. They are: Fraxinus pennsylvanica, Eucommia ulmoides, Amygdalus triloba, yellow leaf
of Fraxinus pennsylvanica, Magnolia denudata. The leaves are involved in four species, the minimum leaf
length is 5.6 cm, and the maximum is 15.4 cm. The leaf thickness is between 0.1 and 0.2 cm. In this
experiment, healthy leaves were collected at 7 a.m. in the morning and measured immediately after
the collection; the whole process lasted less than three hours.

Table 1. Leaf samples and corresponding pictures (Red dots are the laser scanning points).

Fraxinus Eucommia Amygdalus Fraxinus . Magnolia
Leaf Samples . . . pennsylvanica
pennsylvanica  ulmoides triloba denudata
(yellow leaf)
K | s 1
v "”
Photos

2.1.2. Hyperspectral LIDAR System

This study used a tunable hyperspectral laser system (hereinafter referred to as HSL) developed
by the Institute of Optoelectronics (AOE) of the Chinese Academy of Sciences. The whole system
is composed of three essential units: transmitting unit, receiving unit, and scanning control unit.
To ensure that laser pulses of different wavelengths are emitted at different times as required, so
that echo signals of different wavelengths are obtained at different times, the system selects a
supercontinuum (SC) laser plus an acousto-optic tunable filter (AOTF) as a light source. The beam
expander collimates and expands the laser light source, and is irradiated onto the detection target
through a 45° mirror. The laser-receiving unit adopts a reflective receiving system, and the photodetector
selects a silicon-based Avalanche Photon Diode (APD) detector with a strong effect rate in the visible
and near-infrared region, which is a photosensitive element used in laser communication. The scanning
control unit uses the two-dimensional turntable of the laboratory for simultaneous scanning.

The HSL laser source is based on the fiber lasers and photonic crystal fibers with a spectral band
covering between 430 and 1450 nm. It can output laser pulse with a repetition rate of 0.1-200 MHz
and a total power of >8 W. The single pulse energy can reach up to 19 mJ. The repetition frequency
is 0.1 Mhz, the transmission power is 2 W, and the spectral width is over 1000 nm. The working
wavelength is in the near-infrared region of visible light. Because of the SC laser source emitting a very
weak beam within the spectrum, we do not use blue band in this experiment. The working spectrum
of the red-edge region and the near-infrared region is often used; therefore, the tunable Hyperspectral
LiDAR (THSL) employed in this paper works with spectral bands, covering from 650 to 1000 nm at
10 nm resolution. Therefore, with these settings, there are 36 different spectral channels in this THSL.

Figure 1 presents an illustrative diagram of the proposed AOTF-HSL system. In this system, a
SC laser (Leukos © SCM 30-HE-450) is employed as a laser source which emits the supercontinuum
lasers pulse with spectral wavelength ranging from 450 to 2400 nm. The SC laser firstly emits a laser
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beam which is collimated by a reflected fiber collimator. Then, the collimated laser beam passes
through a beam sampler, which utilizes a minor part of the collimated beam for triggering time-of-flight
measurement. A photodetector is employed to detect the triggering signal, and transfer the signal to a
linked high-speed oscilloscope for initializing the data recording operation.

Supercontinuum
Computer Laser Source
Trigger signal
AOTE Laser
High speed Emitting
AD , Unit
Converter
Beam
expander
Targets
APD Black
Sensor plack
o {
Receiving Optics 45°Reflector

Laser Receiving Unit

Figure 1. Tunable hyperspectral LIDAR (HSL) system working diagram. AOTF = Acousto-Optic
Tunable Filter; APD = Avalanche Photon Diode; A/D Converter = Analog-to-Digital Conversion.

2.1.3. Hyperspectral LIDAR Measurement

The reflectance of five kinds of leaves (Fraxinus pennsylvanica, Eucommia ulmoides, Amygdalus
triloba, yellow leaf of Fraxinus pennsylvanica, Magnolia denudate) was measured by the HSL. Yellow leaf is
only chosen from one species (Fraxinus pennsylvanica) is based on the fact that the difference in spectral
reflectance among the broad yellow leaf is small. The measurement range of the lab experiment is
approximately 8.5 m away from the leaf to be measured. For each leaf, a standard reflectance white
board (Spectra Vista Corporation © HR-1024) was first placed on the detection position, and the
response waveform of each wavelength was detected and recorded by the HSL. The white board
is produced by SVC and it’s an accessory white board of SVC HR-1024. The white board is a 100%
reflectance panel and the size is 210 mm * 260 mm. Then, the leaf was placed in the same position
and fixed on a blackboard, to repeat the identical measurements for each wavelength. Moreover, the
blackboard is approximate blackbody, and fixed it to the turntable. By controlling the angle of the
turntable, the incident angle is determined, which is ranged from 0° to 80° with a step of 10°. Assuming
the reflectance of the white board is 100%, the reflectance of the leaf in a certain band is the ratio of the
two waveforms. Thus, the reflectance of each leaf changed with the leaf angle was determined.
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The calculation formula of leaf spectral reflectance measured by HSL is:

o) = 2 ey M

Vs(A)

p(A) is the reflectance of the measured leaf sample at wavelength A, ps(A) is the reflectance of the
standard white board, V() is the measured waveform of the different leaves, and Vs(A) is that from
the standard white board [24]. After further Gaussian smoothing on the collected waveforms, active
hyperspectral reflectance of leaves of five kinds was obtained.

The APD detector used in HSL is different from the charge coupled devices (CCD) detector of
Analytica Spectra Devices (ASD) FieldSpec 4 spectrometer, which is little affected by the ambient light.
Since the whole system is still under the laboratory testing stage, the effect of the dark current has not
been considered yet, which is a task in our future research. The total HSL experiment observation
platform is shown in Figure 2. The red dot is the laser irradiation point.

Figure 2. Leaf observation platform (Amygdalus triloba).

2.1.4. ASD Measurement

Active spectral data of target leaves were supplemented by ASD FieldSpec 4 spectrometer (ASD
© FieldSpec 4). The reflectance data measured by ASD FieldSpec 4 spectrometer was used for the
comparison of active and passive reflectance. Different from active spectral measurement, ASD
observation is very efficient, so multiple measurements are made at the target site of each leaf to
obtain the average spectrum and fluctuation (standard deviation). The specific measurement process
is as follows:

(1) Dark current removal.

To ensure the accuracy of the measured data, the dark current value of each leaf will be re-collected
before measurement. This step is automatically collected by the spectrometer itself before measurement.

(2) The whiteboard correction.

The measured spectra of the reference white board are stored in the memory of the laptop.
The experiment was conducted in a dark room with constant lighting conditions. Halogen lamps were
used to provide stable light source. White board reference was collected every 10-15 minutes during
the preheating phase of the instrument. Finally, ViewSpec Pro, the spectral data processing software of
the spectrometer, can facilitate the acquisition of reflectance data of target objects. In the experiment,
the reflectance of leaf and white board is calculated by the signal value, and the reflection curve is
smoothed by ViewSpec Pro.

(3) Fifteen repeated measurements were made at different positions of the leaves.

In order to avoid spectral differences caused by different physiological and biochemical parameters
at different positions of leaves, the spectrum of leaves was measured at the target position of leaf flesh
in this experiment, and each leaf was repeated for 15 times.
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The spectral reflectance of leaves measured by FieldSpec 4 surface feature spectrometer was
preprocessed with ViewSpec Pro to obtain the spectral reflectance curve corresponding to leaves.

In order to facilitate the comparison of active and passive spectra, the passive spectral curves
were resampled according to the HSL band. A total of 36 spectral channels at 10 nm intervals in
the 650-1000 nm band are selected as the target band. The passive hyperspectral curve observation
platform is shown in Figure 3.

Figure 3. Passive hyperspectral curve observation.

2.2. Angle Effect Modelling

In the experiment, the theta angle of the leaf is the included angle between the laser incident
direction and the normal direction of the leaf, and the center of the laser spot on the leaf is the fixed
incident point, so as to control the same parts of the leaf to be tested. At the same time, nine gradients
of leaf inclination were set, respectively: 0°, 10°, 20°, 30°, 40°, 50°, 60°, 70°, and 80°. The leaf incidents
were measured by the compass.

However, we derived the radiant flux density of the leaf here step by step because we use a
formulation particularly adapted to HSL, and it provides the basis for our further considerations.
The main parameters involved in the LIDAR equation are illustrated in Figure 4. The laser transmits a
narrow beam towards the scatterer [25].

Laser beam

P Leaf blade

Figure 4. Geometry and parameters involved in the radar equation.
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All target parameters were combined into one parameter, the so-called backscatter cross-section o:

4m
o= PoAs 2)

where pg is the bidirectional reflectance distribution function (BRDF) when the incident angle and the
exit angle are both 6, and A is the receiving area of the scatterer. The reradiation pattern is in general
complex [26], but for simplicity, we assume that the incoming radiation is scattered uniformly into a
cone of solid angle () [25].

According to the constant laser emission energy, we assume that the laser emission power is P, the
radiant flux density is E, the laser beam vertical projection leaf area is Sy, and the leaf inclination angle

is 0, then:
P

- SocosO

®)

It can be concluded that the relationship between the radiant flux density Ej of the leaf and the
radiant flux density E of the leaf under different leaf inclination angles, under the condition of vertical
laser incident leaf inclination is:

Ey = E-cos6 4)

Using the method of orthogonal regression design, the same leaf reflectance R establishes a
three-dimensional model with the relationship between the leaf inclination angle 6 and the wavelength
A, which is a nonlinear binary quadratic system and established by interpolation. Moreover, the
model is:

R=z0+ax0+bxA+cx02+dxXA + fxOxA (5)

where zp, a, b, ¢, d, and f are constants.

At the same time, the whole band is decomposed into seven bands of 650-700 nm, 710-750 nm,
760-800 nm, 810-850 nm, 860-900 nm, 910-950 nm, 960-1000 nm, and a reflectance R is established for
each band:

R = ACos(6 - 6p) (6)

where A and 6 are constants.

Meanwhile, the normalized value of reflectance Ry in Near Infrared (NIR) (710-1000 nm) and
Red (650-700 nm) are calculated respectively in order to explore how they change with the increase of
incident angle:
_Re
"R
where Ry is the reflectance measured by HSL when the incident angle is 8, and Ry is the reflectance
measured in 0°.

Ry 7)

3. Results

3.1. Reflectance under Different Leaf Obliquity

Figure 5 shows the spectral curves of 36 bands of the five different leaves measured by the HSL at
different leaf inclinations. It can be seen that the spectral curve of green leaves is low in the visible
region and high in the near-infrared region, with obvious red edges, which conforms the spectral
characteristics of vegetation leaves. In the process of increasing leaf inclination angle, the reflectance of
the leaf also decreases with the change of angle. There is a distinguished difference between yellow
ash leaf and green leaf in visible band.
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Figure 5. HSL derived spectral profile of leaves from (a) Fraxinus pennsylvanica, (b) Fraxinus pennsylvanica
yellow leaf, (c) Eucommia ulmoides, (d) Amygdalus triloba, (e) Magnolia denudate in different angles.

3.2. HSL vs. ASD Measurements

Figure 6 shows the comparison between the data measured by hyperspectral LIDAR and the data
measured by ASD FieldSpec 4 spectrometer. Moreover, we find that the reflectance similarity between
different instruments is very high. Since we mainly study the angle effect of the hyperspectral LIDAR
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in the spectral range between 650 and 1000 nm, only the ASD FieldSpec 4 spectrometer data in the
same band is selected for comparison, and other data were not included in the comparison.

650 750 850 950
0.5 0.5
Y w
I s
5 g
~ ~
0.0 0.0
650 750 850 950 0’250 750 850 950 00
wavelength(nm) wavelength(nm)
Fraxinus pennsylvanica HSL Fraxinus pennsylvanica yellow leaf HSL
.......... Fraxinus pennsylvanica ASD - Fraxinus pennsylvanica yellow leaf ASD
@ (b)
650 750 850 950
] g
g g
k] |9
< 3
I~ &~
09 0o 050 750 850 950

650 750 850 950

wavelength(nm) wavelength(nm)

—— Amygdalus triloba HSL

Eucommia ulmoides HSL
""""" Amygdalus triloba ASD

""""" Eucommia ulmoides ASD

(© (d)

650 750 850 950
0.5 0.5

Reflectance

650 750 850 950
wavelength(nm)

— Magnolia denudate HSL
""""" Magnolia denudate ASD

(e)
Figure 6. HSL derived spectral profile of leaves from (a) Fraxinus pennsylvanica, (b) Fraxinus pennsylvanica
yellow leaf, (c) Eucommia ulmoides, (d) Amygdalus triloba, (e) Magnolia denudate compared with Analytica
Spectra Devices (ASD) spectrometer measurements.
We computed the distributions of the reflectance from the green leaves of the five plants from the

hyperspectral LIDAR, compared them with the reflectance determined by the spectrometer data, and
present the scatterplots of the reflectance from AOTF-HSL versus that from the ASD spectrometer in
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Figure 7 with a linear fit. High coefficients of determination (R? > 0.94) in all five cases indicate that
the extracted reflectance from HSL highly correlates with the ASD. For the five green leaf cases, the
average value is close to 0.9692, which demonstrates the excellent fitness of the measurements from
the two devices. It can be preliminarily concluded that the reflectance result of the HSL system using
the proposed calibration method are reliable.

Green leaf of Fraxinus Yellow leaf of Fraxinus
pennsylvanica pennsylvanica
= < 0 0.8107x+0.043
e — S - X+
N |y = 1.2204x-0.0305 EN | y=0. :
2057 R=094723 2 43 R?=0.9573
< I
< 04 < 04
2 - ) .
g 0.3 . ° '§ 0.3
202t 7 202 ®
g 02 . z _
(] %
£ 0.1 ¢ £ 0.1 v
L Q
5 0 0.2 0.4 0.6 g 0 0.2 0.4 0.6
z, Reflectance measured by HSL/% E Reflectance measured by HSL/%
(@) (b)
Eucommia ulmoides Amygdalus triloba
0.6 L 06
N - . N
a y = 1.0166x- 0.0469 805 | y=1.1178x+0.0127
205 R2=0.97977 a 1
Z 2 R?=0.98971 e
>04 > 0.4 .
o )
g 0.3 E 0.3 .
=
g 02 g 0.2 e
g . g
g 0.1 o’ 801 %
g e . 8 . .
5 0 3 0
= 0 0.2 0.4 0.6 = 0 0.2 0.4 0.6
[5) Q
~ &

Reflectance measured by HSL/% Reflectance measured by HSL/%

() (d)

Magnolia denudate

06 ¢
X
A 05 b y=10847x+0.0293
Z R2=0.97215

04 f
2 0"
£ °
=] L -
303 o
202 |
eé : .
g 01 f D
§ o : . .
g o 0.2 0.4 0.6
o Reflectance measured by HSL/%

(e)

Figure 7. Scatter diagrams of the reflectance of five leaf measured by HSL and Analytica Spectra Devices
(ASD) spectrometer. (a) Fraxinus pennsylvanica, (b) Fraxinus pennsylvanica yellow leaf, (¢) Eucommia
ulmoides, (d) Amygdalus triloba, (e) Magnolia denudate.
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3.3. Leaf Angle Model

3.3.1. Construction of Leaf Reflectance Model

In this experiment, a reflectance R is established for each leaf. A leaf reflectance model is
established with the relationship between the leaf inclination angle 6 and the wavelength A. Meanwhile,
we calculate and compare their Root Mean Square (RMS) and the coefficient of determination (R?).The
model parameters and the accuracy are shown in Table 2.

Table 2. The parameters of 5 leaf three-variable model.

zy a b c d f RMS R?

Green leaf of Fraxinus 4312 0559 0010 -0.083 -5247E-6 -7.979E-4 0002 0931

pennsylvanica
Yellow leaf of Fraxinus

. -3.191 0.356 0.008 —-0.121  —-4.295E-6 —4.543E-4  0.002 0.869
pennsylvanica
Eucommia ulmoides —4.434 0.426 0.011 -0.016 —5.593E-6 —8.240E-4  0.002 0.929
Amygdalus triloba —4.092 0.261 0.010 -0.015 -5.321E-6 —4.831E-4  0.001 0.904
Magnolia denudate -3.527 0.400 0.008 -0.060 —4.462E-6 —5.999E-4  0.001 0.912

It can be seen that for the leaves with different roughness (smooth leaves, such as M. denudate; rough
leaves, such as A. triloba), the absolute value of the a parameter of the Yellow leaf of F. pennsylvanica
and A. triloba is slightly lower, while the parameter a of M. denudate and Green leaf of F. pennsylvanica
is slightly higher. The parameter a has a certain correlation with the roughness of the leaf, indicating
that the leaf angle effect has different degrees of influence on different leaf roughness. The rougher the
leaf surface, the smaller the effect of the angle effect on the reflectance, otherwise the smoother the leaf
surface, the greater the effect of the angle effect. For leaves with lower greenness (F. pennsylvanica yellow
and M. denudate leaves), the parameters b and d have smaller absolute values, while absolute values in
Green leaf of F. pennsylvanica, E. ulmoides, and A. triloba leaves with greater greenness are larger. It
shows that the wavelength has different effects on the reflectance for leaves with different greenness.

Figure 8 illustrates the model of reflectance changing with leaf obliquity and wavelength, which
is established by interpolation method. Based on the incident angle data and the wavelength, we can
simulate the leaf reflectance correspondingly. Although the Root Mean Square (RMS) are all small, the
model fitting degrees of the four green leaves are higher than that of the F. pennsylvanica yellow leaves.
In addition, it can be observed that the reflectivity of both green leaves and yellow leaves decrease with
the increase of incident angle when the wavelength is unchanged. When the incident angle remains
unchanged, the reflectance of green leaves decreases with the decrease of the wavelength, while the
F. pennsylvanica yellow leaves still have some unstable fluctuations.

Reflectance

Lk
-

L%

Reflectance

Wavelength
Wavelength

Radian Radian
(@ (b)

Figure 8. Cont.
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Reflectance

Reflectance

Wavelength
Wavelength

Radian Radian
(c) (d)
Reflectance
0.0
0.2
g
0
5
i 0.4
s
=z

Radian
(e)

Figure 8. The model of reflectance changing with leaf obliquity and wavelength from (a) Fraxinus
pennsylvanica, (b) Fraxinus pennsylvanica yellow leaf, (¢) Eucommia ulmoides, (d) Amygdalus triloba,
(e) Magnolia denudate.

3.3.2. Echo Intensity Changing with Incident Angle

In order to investigate echo intensity changing with incident angle, this experiment decomposes
the whole band into seven discrete bands: 650-700 nm, 710-750 nm, 760-800 nm, 810-850 nm,
860-900 nm, 910-950 nm, 960-1000 nm. The maximum values of each band changed with the leaf
angle are shown in Figure 9.

= 650-700
0.4 o 710-750
0.5 = 650-700 4 760-800
o 710-750 ] v 810-850
0.4+ 2 760-800 ° i @ 860-900
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Figure 9. The variation of reflectance with the increase of incident radian (a) Fraxinus pennsylvanica,
(b) Fraxinus pennsylvanica yellow leaf,(c) Eucommia ulmoides, (d) Amygdalus triloba, (e) Magnolia denudate.

It can be seen from Figure 9 that as the wavelength increases, the reflectance also increases.
All green leaves show a consistent pattern. Table 3 shows that in the 710-1000 nm band, the model has
a high degree of fit.

Table 3. The parameters of Leaf reflectance models and the corresponding accuracy.

A 0 RMS R?
Greenleaf  0.06926 ~02169%6 0.01285 0.55284
650-700 Yellow leaf  0.16883 0.14514 0.00286 0.81485
Greenleaf  0.35832 ~0.03303 0.00173 0.85779
710-750 Yellow leaf  0.37960 0.04701 0.00074 0.93966
Greenleaf  0.39642 ~0.02874 0.00179 0.87742
760-800 Yellow leaf  0.039669 0.06901 0.00083 0.93660
Greenleaf  0.40019 ~0.03422 0.00183 0.87861
810-850 Yellow leaf  0.39598 0.05686 0.00050 0.96074
Greenleaf  0.40850 ~0.03593 0.00220 0.86267
860-900 Yellow leaf  0.38819 0.04845 0.00059 0.9514
01095 Greenleaf 042176 ~0.04285 0.00265 0.84906
Yellow leaf  0.39585 0.05144 0.00063 0.94911
0601000 Greenleaf  0.42685 —~0.05959 0.00251 0.86301
Yellow leaf 041143 0.02694 0.00065 0.95381

Because there are some differences in the spectral curves of green leaves and yellow leaves, this
experiment grouped F. pennsylvanica, E. ulmoides, A. triloba, and M. denudate into green leaves to model
while the yellow leaf of F. pennsylvanica is modeled as yellow leaf separately in the modeling process.
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The fitting result is relatively good in Table 3. In the NIR band (710-1000 nm), the R? of the model
fitted by the green leaves are all higher than 0.85, while that of the model fitted by the yellow leaves
are higher than 0.93. However, in the RED band (650-700 nm), the R? of the yellow leaves is higher at
0.81, while that of the green leaves is relatively lower at 0.55.

The phenomenon observed by Figures 10 and 11 confirms the results below. It can be seen from
Figure 10 that in NIR (710-1000 nm), the curve of all four species green leaves is relatively smooth
in the range of 0-0.8 radians. In contrast, F. pennsylvanica yellow leaf keeps decreasing in this range.
In the radian range of 0 to 0.8, the curves of all leaves show relatively severe fluctuations. Figure 11
shows that in RED (650-700 nm), the curve of all the leaves except A. triloba decrease in the range
of 0-0.8 radians, and gradually increase in the range upper 0.8 radians. Oppositely, there are two
reflection valleys of A. triloba in the red wave band, which fluctuate wildly in the whole angle range.
After the incident correction, in the near-infrared band (710-1000 nm), all four green leaves exhibit
Lambert in the radian range of 0 to 0.8, which the normalized value of reflectance tends tobe 1 at a
stable level. However, for the yellow leaf of F. pennsylvanica, the normalized value of reflectance has a
tendency of declination. Moreover, all the leaves exhibit severe jitter in the radian above 0.8. In the red
band (650-700 nm), the leaf exhibits a distinct non-Lambertian feature, and the normalized reflectance
value decreases with increasing angle after incidence correction in the radian range of 0 to 0.8.
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Figure 10. Cont.
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Figure 10. The normalized value of reflectance in NIR band (710-1000 nm) with the increase of
incident radian (a) Fraxinus pennsylvanica, (b) Fraxinus pennsylvanica yellow leaf, (¢) Eucommia ulmoides,
(d) Amygdalus triloba, (e) Magnolia denudate.
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Figure 11. The normalized value of reflectance in Red band (650 - 700 nm) with the increase of
incident radian (a) Fraxinus pennsylvanica, (b) Fraxinus pennsylvanica yellow leaf, (¢) Eucommia ulmoides,
(d) Amygdalus triloba, (e) Magnolia denudate.

4. Discussion

This paper studies the angle effect of leaf reflectance measured by a continuous hyperspectral
LiDAR, which is seldom studied before. Through this study, we can determine the leaf inclination angle,
according to the corresponding laser wavelength and the reflectance obtained by the measurement.
Previous studies only focused on the reflectance of hyperspectral LiDAR in single-wavelength or
multi-wavelength, and no further studies were conducted on the different characteristics of leaves.
Moreover, in this research, it can be extended from the single leaf scale to single tree scale and even
to the plot scale. The hyperspectral LiDAR itself can obtain the reflectance of the leaf at different
wavelengths with high spectral resolution. After establishing the correction model, the leaf angle of
the target leaf can be directly obtained by the wavelength and the reflectance. Furthermore, the leaf
reflectance of the incident angle can be corrected to perpendicular incident direction, and then more
applications, such as the classification of the leaf, the separation of the branches from wood, etc., can
be conducted.

Although the results are preliminary, they suggest that the use of hyperspectral LiDAR for laser
scanning of the leaf must consider factors, such as the leaf surface properties and internal structures.
In the future, when measuring real and complex targets, such as a tree, the laser hits more than one
leaf or one needle, multiple echoes are generated. The curvature of the leaves, the angular distribution,
and the irregularities of other shapes are likely to average the effect of the angle of incidence, at least
on the scale of the entire tree. However, this must be better described in future experiments, especially
in the red and near-infrared spectral regions.

In this paper, the relationship between the reflectance of the hyperspectral LiDAR and the
incident angle is explored. The specular reflection is significant in the red band, and it has obvious
non-Lambertian characteristics. Obvious bowl edge effect and the white wax with smooth surface
can be observed. This appearance of specular reflection in Magnolia denudate is particularly obvious;
in the near-infrared, no specular reflection occurs, but Lambertian characteristics are present. This is
similar to the results of the study conducted by Balduzzi (Balduzzi and Van der Zande et al., 2011)
using a 785 nm laser. We studied the leaves with different surface properties and internal structures
and explored the role of specular reflection in different parts of the spectrum. The results show that for
smooth surfaces such as ash and magnolia, specular reflection is obvious in both red and near-infrared
regions. Among them, leaves with larger leaf thickness, such as magnolia, have relatively strong
specular reflection throughout the entire band.

During the experiment, the spot has a certain size. When the leaf inclination angle is large, it is
difficult to ensure that the incident laser is completely irradiated on the leaf area. Therefore, in the
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radian above 0.8, the normalized correction is performed. The reflectance value shows a phenomenon
in which the fluctuation fluctuates greatly. This phenomenon also has similar results in the experimental
results of Sanna Kaasalainen (Kaasalainen and Nevalainen et al. 2016). Therefore, the exploration of
the angle effect of the larger leaf angle (in the radian above 0.8) can only be accurately explored by
reducing the laser spot size.

This experiment used mature fresh leaves in healthy condition, without considering the influence
of health, stress and maturity stage. In the future, we will continue to explore the leaf reflectance
affected by the Angle under different circumstances.

5. Conclusions

The spectra of a variety of different leaf incidents were studied by a hyperspectral LiDAR.
It was found that the measured spectral reflectance of the leaves by the HSL changes with different
incident angle, and the three-variable model of the leaf reflectance changed with the leaf angle and
wavelength is established. Solve the problem of the angle effect of the future hyperspectral LIDAR when
measuring the leaf. These results require a more extensive study of the reflectance of different types
of leaves at different angles for hyperspectral LIDAR to better understand the sensitivity of different
surface properties and internal structure of the leaf to changes in light distribution. In the future,
hyperspectral LiDAR scanning technology will be able to obtain the three-dimensional distribution of
physiological and biochemical parameters of the target vegetation by means of hyperspectral laser
scanning. Therefore, in order to better understand the influence of the angle effect on the vegetation
reflectance, the model is used to eliminate the phenomenon of measuring the difference of the vegetation
spectrum by the incident angle, so that the orthophoto spectrum of each measurement site can be
accurately mapped to on a whole tree level, not just a single leaf. Future research will include more
leaf types and scattering within the canopy, using appropriate leaf scattering models to simulate the
interaction of the laser with the vegetation canopy.
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