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Abstract: This paper proposes a hyperspectral imaging simulation method based on a ray-tracing
algorithm. The algorithm combines calculations based on solar and atmospheric visible light radia-
tion as well as the spectral bidirectional reflection distribution function (BRDF) of the target surface
material and can create its own scenarios for simulation calculations on demand. Considering the
presence of multiple scattering between the target and background, using the ray-tracing algorithm
enables the precise computation of results involving multiple scattering. To validate the accuracy
of the algorithm, we compared the simulated results with the theoretical values of the visible light
scattering intensity from a Lambertian sphere. The relative error obtained was 0.8%. Subsequently, a
complex scene of engineering vehicles and grass was established. The results of different observation
angles and different coating materials were calculated and analyzed. In summary, the algorithm
presented in this paper has the following advantages. Firstly, it is applicable to geometric models
composed of any triangular mesh elements and accurately computes the effects of multiple scattering.
Secondly, the algorithm combines the spectral BRDF information of materials and improves the effi-
ciency of multiple scattering calculations using nonuniform sampling. The computed hyperspectral
scattering data can be applied to simulate airborne or space-borne remote sensing data.

Keywords: hyperspectral imaging; scattering of visible light; spectral BRDF; ray-tracing algorithm

1. Introduction

Hyperspectral imaging technology, which gradually took shape in the 1970s, is a
spectral technique that has revolutionized traditional discrete-point imaging methods.
It integrates image information with spectral data, encompassing continuous spectral
bands and a wide range of spectra. This enables a more comprehensive description of the
scattering characteristics of targets. Consequently, research on hyperspectral imaging has
become a hot topic in the study of target-scattering properties. Due to the distinct spectral
characteristics of different targets, people can classify and identify the targets contained in
images [1] and extract features of hyperspectral images and targets [2,3]. These research
findings have wide-ranging applications in both military and civilian fields. Using satellite-
borne hyperspectral cameras, hyperspectral images of the Earth’s surface can be obtained,
enabling the identification [4] and classification of land types [5]. These cameras can also
be used for scene classification, such as in the case of forests [6]. Hyperspectral images
obtained from remote sensing satellites can also be used for maritime target detection [7],
providing significant assistance in maritime rescue operations. In addition to remote
sensing satellites, hyperspectral technology also has many applications in daily life. For
example, in industry, it can be used to predict soil content in mines [8]. In agriculture,
hyperspectral technology can be used for plant classification [9] and identification [10], crop
yield prediction [11], and plant disease analysis [12]. In the medical field, hyperspectral
technology has become an auxiliary tool for disease diagnosis [13].

Hyperspectral data are typically obtained through three main methods. The first
method involves direct measurement using hyperspectral instruments. The second method
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involves acquiring data by expanding from multispectral data. The third method involves
obtaining data through simulation and calculation. Direct measurement using hyper-
spectral instruments is the most effective method, as it allows for the acquisition of the
most authentic and reliable data. For example, Summer Yarbrough et al. introduced the
MightySat II.1 hyperspectral imager, which is the first spectrometer to operate in space [14].
D. Fort introduced the CONTOUR Remote Imager and Spectrograph (CRISP) instrument,
which tracks the nuclei of comets, acquiring spectral information in the visible and in-
frared wavelengths. It is capable of conducting detailed measurements of gas and dust
composition [15]. P. M. Teillet et al. introduced the use of the GER3700 spectrometer
to collect surface reflectance spectral datasets at Cutbank Creek [16]. The drawback of
using a hyperspectral instrument for measurement is the requirement of higher costs. For
scenarios where directly measuring hyperspectral data is challenging, alternative methods
can be utilized.

For scenarios where multispectral data are available, it is possible to extend the spectral
range to obtain hyperspectral data. For example, methods such as non-negative matrix
factorization can be used to generate hyperspectral images from multispectral data [17]. The
fusion of hyperspectral and multispectral data based on bands can be employed to obtain
hyperspectral data through spectral unmixing of multispectral data [18]. Alternatively,
hyperspectral images can be obtained from low-spectral-resolution images using spectral
library data [19]. To address the issue of low resolution in hyperspectral images, a method
was proposed to fuse hyperspectral images with high-resolution images, enabling target
identification [20]. However, these simulation methods require obtaining low-spectral-
resolution data first and then using these data to simulate hyperspectral data, which may
have certain limitations in practical applications.

In the absence of directly measured data, using physical models to simulate hyperspec-
tral images of targets is an effective method. Hyperspectral imaging simulation involves
considering results in both the spectral dimension and the spatial dimension. In terms of
the spectral dimension, it is necessary to obtain spectral information of external radiation
and the material spectral information of the target. There are many means to acquire
spectral information of external radiation, and based on radiation transfer theory, some
high-precision calculation methods have been proposed [21,22]. The computational speed
of some of these methods can even be much higher than that of commonly used soft-
ware [23]. During simulation, for the sake of computational convenience, mature software
is typically employed for spectral calculations of radiation. The spectral information of
target materials needs to be obtained through measured data, with the most common
method being the utilization of remote sensing data to acquire the spectral reflectance
of targets. For instance, Guo et al. utilized MODIS data to study the infrared reflection
characteristics of aircraft [24]. V. Garcia-Santos et al. conducted research on land surface
temperature and emissivity based on MODIS data [25]. While using remote sensing data
to obtain spectral reflectance is convenient, it may lack precision, especially in simulating
near-field spectral characteristics. To address this issue, Cao et al. proposed a method to
obtain the spectral bidirectional reflectance distribution function (BRDF) through measure-
ments [26]. This method enables the acquisition of accurate material spectral BRDF data,
facilitating high-precision calculations. The spectral BRDF in this study was also obtained
using this method.

Once spectral dimension information is obtained, imaging simulation in the spatial
dimension combined with spectral information can yield hyperspectral imaging data. There
are typically two methods used for simulating imaging of targets. The first method involves
using the 3D programming tool OpenGL for calculations [27]. For instance, Han computed
space-based optical imaging of satellites [28], while Yu et al. conducted an infrared imaging
simulation of ship targets [29], both utilizing the OpenGL tool for calculations. However,
this method cannot compute results involving multiple scattering. The second method
involves using ray-tracing algorithms for calculations, which can compute results including
multiple scattering and has become the mainstream method for studying target scattering
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characteristics [30,31]. For example, Zhang et al. developed digital imaging simulation soft-
ware using NVIDIA OptiX Ray Tracing Engine to simulate satellite targets [32]. However,
during calculation, the satellite surface materials lacked spectral information, resulting in
images without corresponding hyperspectral data. Additionally, there are other methods
for simulating hyperspectral remote sensing images [33-35], but these methods rely on
material libraries derived from remote sensing data, which may impose limitations in terms
of accuracy and degrees of freedom during calculation. For example, Zhang et al. proposed
a method for computing complex forest hyperspectral images, but the method lacks strong
generality for other scenes [36]. Sun et al. proposed a method for simulating hyperspectral
dynamic scenes, but it did not consider multiple scattering and the spectral BRDF of the
material [37].

In summary, when acquiring hyperspectral data, directly measured data are the most
accurate but often come with high costs. Spectral expansion methods require a foundation
of multispectral data and may resort to simulation if spectral data are unavailable. However,
existing simulation methods often lack in both material spectral data and multiple scattering
calculations. To address these shortcomings and achieve more universal and accurate
hyperspectral simulation data, this paper proposes a hyperspectral imaging simulation
algorithm based on spectral BRDF data. This algorithm enables precise hyperspectral
simulation calculations for targets. Compared to using remote sensing inversion methods
for the spectral BRDF, this approach allows for more accurate simulation of target spectral
properties. The simulation utilizes ray-tracing algorithms, encompassing results from
multiple scattering simulations. This article first introduces the algorithm’s process and
computational principles, then constructs the geometric scene of the target and conducts
simulation calculations, and finally analyzes the simulation results.

2. Methodology

Figure 1 shows the hyperspectral image calculation flow described in this paper.
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Figure 1. Calculation flow of hyperspectral imaging.

In the algorithm described in this paper, the geometric model of the target is first
established according to the requirements. After obtaining the geometric model of the
target, we set up materials for the different parts of the target. The spectral BRDF parameters
of the material can be obtained through actual measurements and calibrations. Radiation
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information on the sun and atmosphere can be obtained according to the radiation transfer
theory, but this aspect is not the focus of this paper; this paper uses Modtran to calculate
the radiation information. After obtaining radiation information on the environment, the
hyperspectral scattering results of the target are calculated using a ray-tracing algorithm.
By changing the calculation conditions, different results can be obtained, and these results
can be analyzed.

2.1. Computation of Scattering Characteristics Utilizing the Ray-Tracing Method

Figure 2 illustrates the simulation flow of target-scattering characteristics using a
ray-tracing algorithm.
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Figure 2. Simulation flow of ray-tracing method.

In the simulation, the imaging resolution is established based on the accuracy re-
quirements. Subsequently, the ray projection scale is determined in accordance with the
resolution, and the ray is initialized upon completion. During the calculation process, the
backward tracking method is utilized, requiring an assessment of whether the ray can
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intersect with the model based on the observation direction. If there is no intersection, this
implies that the current ray does not observe anything. The subsequent procedure involves
emitting rays from the intersection towards the light source and ascertaining the presence
of any obstructing objects between the intersection and the light source. Light can only
reach the intersection if there are no obstructions. Ultimately, the imaging outcomes can be
derived through the computation of ray scattering intensity, which is based on the spectral
BRDF data of the material surface and the incident light’s irradiance. In the context of
intersection judgment, it is assumed that the coordinates of the starting point of the ray are
denoted as O and the direction of ray projection is denoted as d. Utilizing three vectors, 4,
b, and G, to denote the positions of the three vertices of the triangular surface, any point
on the plane where the triangle is situated can be expressed as j = @ + u(b — @) + v(¢ — @).
The equation 7 = O + td is established to determine the position of 7 as the intersection
point between the ray and the plane of the triangle. Thus, we can know

O+td=d+u(b—1a)+o(c—a) 1)

By solving Equation (1), the values of u, v, and t can be obtained. When the intersection
points are located within a triangle, u, v, and t must satisfy the following conditions:

O<u<1
0<v<l1
O<ut+ov<l1

t>0

()

Figure 3 briefly illustrates the occlusion culling process in the ray tracing algorithm.
In accordance with the aforementioned method, it is feasible to determine whether the ray
intersects the triangle. Given the generally more complex nature of the target model, a
series of intersection points may be obtained following the intersection judgment. In this
instance, the more distant points will be obstructed by the nearer points, necessitating the
identification of the nearest intersection. The occlusion of the ray between the intersection
point and the light source is also determined using the aforementioned method. If the ray
projected from the intersection point to the light source does not intersect with any triangle,
the light path represented by this ray is considered feasible, and the scattering intensity of
this ray can be computed.

No intersection x

/ } Not obscured /

ﬂ Occluded X

Figure 3. Ray occlusion and intersection judgment.

Assuming light enters from direction (¢;, ;) and is received from direction (¢,, ¢,),
it can be understood that the scattered radiance of a single ray is the superposition of the
single-scattering result and the multiple-scattering result. The scattered radiance of single
scattering can be expressed as

L(9, 9i, 0, ¢r) = fr (8, @i, O, ¢r) - Ei(8;) cos(¥;) 3)
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Here, E;(9;) represents the direct irradiance in the direction of the light source, E;(6;)cos(%;)
represents the irradiance on the normal direction of the intersecting surface element, and
fr (9, i, Oy, ;) represents the BRDF specified for the incident and scattering directions.
When calculating multiple scattering, it is necessary to track the energy distribution charac-
teristics of scattering on the material surface at the single scattering points. The Monte Carlo
method is employed to sample the rays for multiple scattering during the computation.
The radiance of multiple scattering can be expressed as

N
L(8;, ¢i, 0r, 1) = /Q L;-f;-cosd;- dwj = Z L;- frcos®;- Awj (4)
j=1

where Aw; represents the differential solid angle. The total scattered radiance on a single
surface element can be expressed as

N
L(8, ¢i, 07, ¢r) = fr(8i, @i, 8r, @r) - Ei(9;) cos(8;) + Y Li - frcos 8; - Aw; 5)
=

Assuming that f; represents the BRDF of the material, the formula for calculating the
ray scattering radiance is

A2
L — /A Ei(A) - cos(8:) - fo (A, 8, B, @i, 9 )dA ©6)
1

In Equation (6), E;(1A) represents the spectral irradiance of incident light, while d;,
¢, ¢;, and ¢, denote the incident zenith angle, receiving zenith angle, incident azimuth
angle, and receiving azimuth angle, respectively, within the plane coordinate system. By
integrating it with visible light, the radiance of each ray within the visible light spectrum
can be determined.

2.2. Sampling and Optimizing Multiple Scatterings

In our investigation of the computational aspects of multiple scatterings, we utilized
the ray-splitting method and conducted sampling in the hemisphere space to simulate
the spatial distribution of scattered energy. Augmenting the sample size can improve
computational precision, but it also leads to a substantial increase in the computation
time as a result of the corresponding rise in workload. Therefore, it is essential to find a
balance between the quantity of samples and computational accuracy, while considering
the trade-off between precision and computational efficiency. The most effective approach
entails reducing the number of ray-splitting samples without sacrificing computational
accuracy; this is achieved through the optimization of the sampling method in combina-
tion with the spatial distribution of scattered energy. The core concept of ray splitting
involves the use of sampling for integral calculations. Due to the uneven distribution of
scattered energy in the hemisphere space, areas with lower scattered energy make a smaller
contribution to the overall result, whereas regions with higher scattered energy exert a
more significant influence. Hence, it is essential to augment the sampling density in these
highly scattered energy regions by employing importance sampling methods to improve
sampling efficiency while maintaining accuracy. The specific methodology was outlined in
a previous publication; however, a concise summary will be presented here [38].

In the case of a standard rough surface, the energy scattered by incoming light will
be dispersed within a specific solid angle around the direction of specular reflection. The
range of solid angles varies depending on the roughness of the material. Glossier materials
are characterized by a smaller solid angle, whereas rougher materials exhibit a larger solid
angle. The solid angle ranges from 0 to 271, encompassing the majority of material types
found in typical surfaces. When computing the scattering from a typical rough surface, the
range of scattered light can be estimated by employing a conical spherical cap with the
specular reflection direction as its axis.
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In order to sample the multiple scattered light in the conical spherical crown space,
it is necessary to first determine the solid angle of the conical spherical crown. The solid
angle size can be determined based on the BRDF characteristics of the material [39,40]. The
sampling method is shown in Figure 4. If the solid angle of the conical spherical crown is
excessive, this will result in minimal scattering in specific spatial regions. This phenomenon
can have a significant impact on the accuracy of approximations, necessitating a greater
number of samples to achieve the same level of precision and consequently influencing the
computational efficiency. Conversely, a conical spherical crown with a small solid angle
may exclude some scattering from the calculations, leading to computed values that are
relatively smaller than the actual values. Upon determining the apex angle of the solid
angle cone as 6, the calculation of the solid angle occupied by the conical spherical crown,
with the corresponding angular size, is provided by

Q = 21(1 —cos?) (7)
N L,
AR 7%5

Incident rays Incident rays

(a) (b)

Figure 4. Sampling method: (a) Random sampling of secondary scattered rays in hemispher-
ical space; (b) The secondary scattered rays are sampled in the cone angle near the specular
reflection direction.

2.3. Measurement and Modeling of BRDF

Prior to acquiring the material’s BRDE, it is essential to measure the material sample
using a suitable instrument. The samples are manipulated at different angles with the use
of a motor, enabling the measuring of various incident and reflection angles. The light
emitted from the light source is collimated and directed towards the material samples.
Subsequently, the radiometer is utilized to capture the reflected data. The use of a halogen
tungsten lamp as the light source enables the emission of a consistent and uninterrupted
spectrum. The measuring device can be used to measure the spectral radiance of the
sample at various angles. A comparison of the spectral radiance of the sample with that of
a standard reference board enables the determination of the sample’s spectral BRDF. For
instance, if the angle of light incidence on the sample is 30°, the calibration formula can be
represented as Equation (8).

. . _ LS (/\/ l9i/ 19;«, Pi, (Pr) - c0s30° p(/\)
fr (A, 191, l9r/ (Pll (PV) - Lb(/\/ 300’ 191'/ ®i, q7r) i COSl91' -

®)

In the given equation, Ls(A, 9;, 9, ¢;, ¢,) represents the spectral radiation brightness
of incident light, with wavelength A, that is directed onto the sample to be measured along
the (0;, ¢;) direction and received along the (9, ¢,) direction; L, (A, 9;, 9, ¢;, ¢r) denotes
the spectral radiation brightness received along the (9, ¢r) direction under the same
conditions, where incident light with the same wavelength is directed onto the standard
plate along the (30°, ¢;) direction. f;(A,9;, 0, ¢;, ;) represents the BRDF of the target
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sample at the incident wavelength A. When describing BRDEF, a five-parameter model [41]
is utilized, and the expression of the five-parameter model is as follows:

K2cosa

G(ﬁ/ 19}’/ (P‘/ (Pr)
. . — - . . — aj ., ! !
fr(8i, 0, @i, or) kb[l + (k2 —1)cosa exp[b- (1 — cosy)”]

cost;cost,

kg
cost;

I+ ©)

where ky, kr, b, a, and k; indicate the parameters to be determined.

3. Analysis and Results
3.1. Spectral BRDF of Some Materials

In order to obtain material BRDF data that can be used for calculation, we made
samples of four common colors—black, white, gray, and gray-green—for measurement.
When making the sample, a steel disc with a thickness of about 1.5 mm was selected
and painted. The surface of the sample was smooth and flat after repeated spraying.
When measuring the spectral BRDF of a sample, a comparative measurement method was
employed. By using the spectral radiance of the standard whiteboard as a reference, the
BRDF of the sample could be obtained. The measurement formula is

Ls (9, ¢i, 87, ¢r,A) cos 9 p(A)
Lb(ﬂ/ i, %, @, )\) cos ¥; T

f}’(ﬁi/ €0i1 197/ 4)1///\) = (10)

where f.(9;, @i, Or, ¢r, A) represents the BRDF of the target sample at wavelength A.
Ls(9;, ¢i, 9, ¢r, A)) represents the spectral radiance of the light incident along direction
(9;, ;) onto the sample and scattered along direction (9, ¢). Ly(9, ¢;, Oy, ¢y, A) represents
the spectral radiance of the light incident along direction (8, ¢;) onto the standard white-
board and scattered along direction (9, ¢;). p(A) represents the reflectance of the standard
whiteboard at wavelength A. ¢;, ¢;, 9, and ¢,, respectively, represent the incidence zenith
angle, scattering zenith angle, incidence azimuth angle, and scattering azimuth angle.

During measurements, a halogen lamp served as the light source, emitting a stable
continuous spectrum. The sample was fixed on a turntable, and a computer controlled the
motor to rotate it at different angles while recording the spectral radiance data scattered
from the sample received by the radiometer. Through these measurements, the spectral
BRDF parameters of the sample could be obtained.

Based on the principles described in the previous section, we performed spectral BRDF
measurements on four different color samples and performed five-parameter modeling.
Among these, the spectral BRDF modeling results of the white sample are shown in Table 1.

Table 1. The five parameters of the spectral BRDF for white paint.

Wavelength (nm) kp ks b a kg
400 0.9309 60.2262 —56.9285 0.6043 0.0849
401 0.9265 59.9216 —57.5573 0.6057 0.0949
759 0.7567 99.3115 —99.9984 0.6706 0.1883
760 0.7562 99.3119 —99.9773 0.6706 0.1884

The results of the remaining colors are presented in the same way as the white sample
and are represented by five parameters. Using the five-parameter results obtained from
the measurement, it is possible to compute the spectral BRDF at various incidence angles,
scattering angles, and wavelengths.

Figure 5 depicts the spectral BRDF results of the four materials at various observation
angles, with the light incident set at a 30-degree angle. The spectral BRDF calculation results
demonstrate distinct scattering characteristics for different materials. In comparison to the
black material, the white material exhibits higher reflectivity. Both materials display distinct
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reflection peaks at the mirror position. The impact is heightened when the secondary-
scattering sampling algorithm, as discussed in Section 2, is employed for such materials.
The spatial reflection of materials in shades of gray and gray-green is more uniform, with
no prominent reflection peak. The spectral BRDF findings for the four materials indicate
variations in the scattering properties across both spatial and spectral dimensions.

fr * cosO/sr™

025

5o L
PR

015

s =
&

fr * cosO / st

fr * cosf / sr”!

s
=
b3

=

400

(o) ()

Figure 5. The spectrum BRDF of spray paint in different colors: (a) white spray paint; (b) black spray
paint; (c) gray-green paint; (d) gray paint.

3.2. Spectral Radiation of Sunlight and Atmosphere

The electromagnetic waves and particle flow emitted by the sun into space are referred
to as solar radiation. This radiation is equivalent to the capacity of 6000 K blackbody
radiation and serves as the most important energy source for Earth’s surface activities.
Solar radiation energy exhibits significant variation across different wavelengths, with a
notable disparity in energy distribution within the spectral range. Approximately 99%
of the energy is concentrated in the spectral range of 0.15-4 pm, with the visible band
(0.4 um to 0.76 pm) accounting for approximately 50% of this energy. The remaining 50% is
distributed across the infrared and ultraviolet bands.

Solar irradiance denotes the amount of solar radiation reaching the Earth’s surface
following absorption, scattering, reflection, and other attenuating effects of the atmosphere.
Attenuation primarily encompasses the absorption and scattering of atmospheric molecules
and dust, as well as the scattering of clouds and dust particles within the atmosphere. Solar
radiation reaching the Earth’s surface is influenced by various factors, including latitude,
longitude, altitude, and atmospheric conditions.

In this paper, MODTRAN was utilized for radiation transfer calculations. The simula-
tion was set for 12:00 p.m. on 1 May 2023, Beijing Time. Suppose it is a sunny day in Xi’an,
with a local latitude of 34°15'40”N and a longitude of 108°56'32"E. The calculated results
of solar irradiance are depicted in Figure 6.
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Figure 6. Calculation results of solar irradiance.

Upon reaching the Earth’s atmospheric system, a portion of solar radiation is reflected
and scattered back into space, while the remainder penetrates the atmospheric system. A
portion of the solar radiation that reaches the Earth’s surface is directly projected in the
form of parallel light, and this portion is referred to as direct solar radiation. The remaining
portion of the light reaches the Earth’s surface as a result of the absorption, scattering,
and reflection by atmospheric molecules, particles, and water vapor, constituting sky
background radiation. The computed outcomes of atmospheric radiation are depicted in
Figure 7.
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Figure 7. Calculated results of atmospheric radiation.

The algorithm does not account for atmospheric radiative transfer effects caused by
weather conditions such as rain, snow, or fog. Therefore, the algorithm proposed in this
paper is currently only suitable for simulating hyperspectral imaging of targets under ideal
lighting conditions.
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3.3. Algorithm Accuracy Verification

To validate the precision of our algorithm, we chose a spherical model with theoretical
solutions for simulation, and we subsequently compared the simulation results with the
theoretical outcomes. The theoretical scattering intensity of a sphere in the visible band can
be determined under the assumption that the sphere’s surface is a Lambertian material.

The angle of calculation involves a backward observation, as depicted in Figure 8.
Equation (11) expresses the scattering radiance of the observable portion of the target’s
solar irradiance.

/

dLsun = ffacet(19;/ 193/ q);) ’ (EiCOSﬁ;) (11)

AN

W

Figure 8. A schematic of the simulated scene.

In Equation (11), f “facet TEpresents the incident zenith angle of the target skin material
sample’s BRDF. The symbols 19;, 8., and (p;- represent the incident zenith angle, detection
zenith angle, and relative azimuth angle, respectively, within the plane coordinate system.
E; represents the solar irradiance at the specified altitude of the target.

Equation (12) depicts the scattering of sky background radiation by the visible part of
the target.

ALty = fracet (03, 9%, ¢7) - (Li(8;, ¢;) - cosd;) - sind;dddp; (12)

In Equation (12), fruc. represents the surface element BRDF, Li(l9;,q0;) is the sky
background radiance at the height of the incident target in the direction (19;, goi-), 19; and

(p; correspond to the incident celestial angle and azimuth angle in the target coordinate
system, and sin¢;dd;d ¢; signifies the unit solid angle.

By integrating the upper hemisphere space, one can obtain the scattering brightness of
surface elements against the background radiance of the sky.

Loy = /2 Ly, (13)
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Assuming the incident light source is sunlight, the spectral scattering brightness of a
single surface element at wavelength A is represented by Equation (14).

Lfacet(ﬂir @i, O, @r, A) = fr(8i, @i, Oy, @r, A) Esun(A)cosd; (14)

fr(9i, i, 0, ¢, A) denotes the BRDF at the specific wavelength A, while Eg,,;, signifies
the spectral irradiance of sunlight at the same wavelength A. The scattering intensity can
be represented by Equation (15).

Ifacet(ﬂir Pi Or, Pr, /\) = L(ﬂir Pi, Or, P, /\) X 5 X costy (15)

The variable “S” in the equation represents the area of the element. Equation (16)
displays the spectral scattering intensity of the entire target at wavelength A.

N
I(A) =Y fr(84, 8,1, 9its @11, A)Si Esun (A ) cosd;cosd,, (16)
i

In the equation, “1” denotes the number of facet elements, while “N” represents
the total number of facet elements. The symbols 19;l, 19/”, cp;l, and cp;l denote the incident
zenith angle, incident azimuth angle, scattering zenith angle, and scattering azimuth angle,
respectively, in the plane coordinate system. The symbol E,,(A) denotes the spectral
irradiance of sunlight at a specific wavelength A. For a Lambert sphere, the theoretical
spectral scattering intensity at a given wavelength A can be determined using Equation (16).

2 N ! ! ! !
I(A) = g”RzEsun(/\) Y fr(B 0, @it 91, A) (17)
i=1
The analytical solution for the scattering intensity of the Lambert sphere, when light of
wavelength A1 to A, is incident, can be obtained from Equation (17), as shown in Equation (18).

2, (M
I=ZnR / Eaun(A)dA (18)
3 M
A Lambertian sphere with a surface spectral reflectance of p = 1 was chosen for

verification. The ball had a diameter of 1 m, and the incident light source consisted of visible
light with a wavelength ranging from 400 nm to 760 nm. The irradiance of the light source
was calculated using the MODTRAN 5.2 software, assuming clear weather conditions with
good visibility. The theoretical value of the scattering intensity of the sphere, as derived
from Equation (18), was 87.8455 W /sr. The ray-tracking algorithm was used to simulate the
scattering intensity of a Lambert sphere under identical conditions, resulting in a scattering
intensity of 87.1067 W /sr. The relative error between the simulation results and analytical
solutions was 0.8%. The findings indicate that the simulation algorithm demonstrates a high
level of accuracy, thereby establishing a solid foundation for subsequent research endeavors.

4. Discussion
4.1. Geometric Model of the Target

To investigate the spectral characteristics of visible light in the target, a setup was
created with an engineering vehicle parked on grass. The grass area measured 40 by 40 m,
and the surface of the engineering vehicle was coated with gray-green paint, as described
in Section 3. As depicted in Figure 9, the geometric representation of the grassland consists
of a gridded plane with varying elevations.

The engineering vehicle was placed in a central position on the grass, as shown in
Figure 10.
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(a) (b)

Figure 9. Geometric model of grassland. (a) Grid plane. (b) Model representation.

B

(@) (b)

Figure 10. Geometric model of the scene. (a) Engineering vehicle model. (b) The engineering vehicle
is on the grass.

The spectral scattering properties of grassland are characterized by a three-parameter
BRDF model of the kernel drive function [42], the formula of which is presented in
Equation (19).

fr(ei/ Os, 4’) = fz’so + fvolKvol (91'/ bs, (P) + fgengeo (ei/ Os, q)) (19)

In Equation (19), 0; represents the zenith angle of the incident sunlight, 6; represents
the observation zenith angle of the satellite, and ¢ signifies the relative azimuth angle
between the incident sunlight direction and the observation direction of the satellite. K
represents the Ross-thick core, while K¢, represents the Li-Transit core. The variables f;s,,
fgw, and f,,; denote the weights assigned to each core, and their respective values can be
derived from MODIS satellite data. The MODIS satellite data include four channels that
capture visible light:

e  bandl: 620-670 nm;
e  band2: 841-846 nm;
e  band3: 459-479 nm;
e band4: 545-565 nm.

Table 2 displays the parameter selection for the four bands of grassland BRDF.

Table 2. The BRDF encompasses three parameters specific to grassland.

Core Weight Band1 Band2 Band3 Band4
fiso 0.1892 0.2851 0.1036 0.1566
fgeo 0.0963 0.1657 0.0573 0.0866

fool 0.0320 0.0325 0.0157 0.0270
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4.2. Hyperspectral Imaging of the Target

As depicted in Figure 11, the x axis represents the front direction of the engineering
vehicle, the y axis represents the left side of the engineering vehicle, and the z axis represents
the right side of the engineering vehicle.

Z

X

Figure 11. Coordinate system of scene.

4.2.1. The Outcomes under Various Observation Angles

Based on the given longitude, latitude, and time, it can be determined that the solar
zenith angle was 21.6° and the solar azimuth angle was 149°. The visible light scattering
image of the target when the observation zenith angle is 0° and the observation azimuth
angle is 90° is depicted in Figure 12.

Radiance(W/(m2~sr))

Figure 12. Visible light scattering image: zenith angle = 0°; azimuth angle = 90°.

Figure 12 depicts the scattering radiance image of the target in the visible band,
providing a more accurate representation of the distribution of light and shade. To acquire
a more comprehensive understanding of the scattering characteristics of the target, it
is necessary to calculate them from various observation angles. Figure 13 depicts the
calculated results for various observation zenith angles while maintaining a consistent
observation azimuth.
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Figure 13. Visible light scattering images: (a) zenith angle = 30°, azimuth angle = 90°; (b) zenith
angle = 45°, azimuth angle = 90°; (c) zenith angle = 60°, azimuth angle = 90°.

The calculation results indicate that at different solar zenith angles, the scattered radi-
ance of the grassland remains relatively constant. This is because the BRDF (bidirectional
reflectance distribution function) characteristics of the grassland are similar to those of
Lambertian materials, with relatively uniform scattering distributions in all directions.
When observed from different angles, the inclined surfaces of the engineering vehicle ap-
pear brighter, manifesting as a bright band in the image, with the radiance on the inclined
surfaces exceeding that of the vehicle roof by over 50%. This is attributed to the smaller
solar zenith angle when observing the inclined surfaces. With changes in the solar zenith
angle, at 30°, bright spots resulting from specular reflection can be observed in certain areas,
while they are less prominent at other angles. As the solar zenith angle increases from
30° to 60°, the observed solar zenith angle on the side of the vehicle gradually decreases,
leading to an increase in radiance. When the solar zenith angle changes to 60°, the radiance
on the side of the vehicle increases by approximately 33%. Conversely, the radiance on the
vehicle roof decreases by about 25%.

Figures 14 and 15 depict visible light scattering images at a solar zenith angle of 45°
under different azimuth angles. The influence of sunlight and viewing angles is clearly
visible in the visible light images. When the azimuth angle is 90°, a significant bright band
is observed due to the more direct sunlight exposure. At an azimuth angle of 270°, most of
the observed areas are not directly exposed to sunlight, resulting in increased shadow areas.
Additionally, the positions of specular reflections vary with the azimuthal observation
angle. When the azimuth angle is 0°, the brightest position is located at the front of the
vehicle. At an azimuth angle of 90°, the brightest position is on the inclined surface of the
vehicle roof. At an azimuth angle of 180°, the brightest position is at the rear of the vehicle
and on the raised portion of the roof. At an azimuth angle of 270°, the brightest position is
on the vehicle roof. When the azimuth angle is 0°, the radiance at the brightest position is
approximately 25% higher compared to when the azimuth angle is 90°, and nearly twice as
high compared to when the azimuth angle is 270°.

In Figure 16, we compare the visible light scattering images of engineering vehicles
with different materials under the same observation conditions. In Figure 16a, the surface
of the engineering vehicle is made of gray-green material, while in Figure 16b, the surface
is made of white material. The spectral BRDF of these materials can be found in Section 3.
When the surface of the engineering vehicle is made of gray-green material, the radiance
at most positions is similar to that of the grassland. However, when the surface of the
engineering vehicle is made of white material, the scattered radiance on the vehicle surface
is significantly higher than that of the grass. The radiance of the white material is nearly
twice as high as that of the gray-green material. These calculation results also align with
common sense.
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Figure 14. Visible light scattering images: (a) zenith angle = 45°, azimuth angle = 0°; (b) zenith angle = 45°,
azimuth angle = 90°.
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Figure 15. Visible light scattering images: (a) zenith angle = 45°, azimuth angle = 180°; (b) zenith
angle = 45°, azimuth angle = 270°.
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Figure 16. Visible light scattering images: (a) gray-green paint; (b) white paint.
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4.2.2. The Outcomes for Different Paint Types

The aforementioned findings depict images of the visible light spectrum in its entirety.
However, hyperspectral images have the capacity to encompass additional information,
including scattering imaging at various wavelengths. The hyperspectral image was chosen
with an observation zenith angle of 0 degrees and an observation azimuth angle of 0 degrees.
Subsequently, the hyperspectral data were extracted for analysis.

As illustrated in Figure 17, a specific location atop the engineering vehicle was chosen,
and the spectral scattering curves of white spray paint and gray-green spray paint were
individually extracted for comparative analysis.

Figure 17. The location of spectral data extraction.

As shown in Figure 18, the scattering spectral curves reveal noticeable differences
between the two materials. This discrepancy can be attributed to the distinct spectral
scattering characteristics exhibited by various materials. When combined with spectral
BRDF, it becomes evident that the spectral scattering curves of white paint and gray-green
paint align with the pattern of spectral BRDF variations across different wavelengths. This
also confirms the validity of the calculation results.

0.30 -
Spectral scattering curve — Spectral scattering curve
o0 of engineering vehicle of engineering vehicle
0.25
T o0sp B
i oL 020
g g 020
=3 =
% 0.20 - %
3 S 0I5k
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(a) (b)

Figure 18. Spectral curves: (a) spectral scattering curve of white paint; (b) spectral scattering curve of
gray-green paint.
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(d)

To gain a more intuitive understanding of the scattering characteristics of the target
scene across various wavelengths, we can extract scattering images corresponding to
different wavelengths from the hyperspectral image for further analysis.

As shown in Figure 19, under consistent lighting conditions, coatings of different
colors exhibit significant variations in scattering patterns at different wavelengths. In
the case of white paint, the engineering vehicle’s scattered radiance at a wavelength of
430 nm is approximately double that of the surrounding grass background. However, as
the wavelength shifts to 720 nm, the brightness of the engineering vehicle becomes very
similar to the background. Conversely, for gray-green paint, the engineering vehicle’s
scattered radiance at 430 nm is approximately 37% lower than that of the surrounding grass
background. At 720 nm, the engineering vehicle’s scattering brightness is also closer to
the background. This observed trend aligns logically with the spectral scattering curves
depicted in Figure 1. Hence, it can be inferred that the simulation results of hyperspectral
scattering are advantageous for the analysis of target characteristics.

Radiance(W/(m>-sr))
Radiance(W/(m?-sr))
Radiance(W/(m?-sr))

0.1

(b)

0.2

Radiance(W/(m?-sr))
Radiance(W/(m>-sr))

0.1

Radiance(W/(m?-sr))

(e) ()

Figure 19. Comparison of scattering images at various wavelengths: (a) wavelength 430 nm, white
paint; (b) wavelength 560 nm, white paint; (c) wavelength 720 nm, white paint; (d) wavelength 430 nm,
gray-green paint; (e) wavelength 560 nm, gray-green paint; (f) wavelength 720 nm, gray-green paint.

4.2.3. The Outcomes of Sunlight Scattering, Atmospheric Scattering, and Multiple Scatterings

Figure 20 presents the results of multiple-scattering calculations for the target under
the influence of solar radiation, atmospheric radiation, and the interaction between the
target and the background. The observation zenith angle is 45 degrees, and the azimuth
angle is 90 degrees. The results indicate that due to the significant direct irradiance from
the sun, the target exhibits the highest scattered radiance in response to solar radiation.
However, because of the limited area directly illuminated by sunlight, there are considerable
shadow regions in the visible light image.

Conversely, as atmospheric radiation is omnipresent in the entire space, the shadowing
effect in the scattered atmospheric radiation image is minimal. Multiple scatterings between



Remote Sens. 2024, 16, 1779

19 of 21

the target and background primarily occur in the dihedral angle structure, and these are
predominantly concentrated on the vehicle’s side. In numerical terms, each of these
three components contributes significantly, and their proportional representation in the
simulation calculations cannot be overlooked.
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Figure 20. Comparison of the results of solar scattering, multiple scatterings, and atmospheric
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scattering: (a) solar scattering; (b) multiple scatterings; (c) scattering of atmospheric radiation.

5. Conclusions

This paper introduces a hyperspectral simulation algorithm that combines spectral
BRDF with ray tracing. By utilizing the spectral BRDF of materials in the calculations, the
results are more accurate. The validation of the method was conducted by comparing
theoretical values with simulation results. A spherical model with a diameter of 1 m
was chosen, assuming the surface to be a Lambertian material with a reflectance of 1.
Spectral scattering intensities were calculated using both the algorithm proposed in this
paper and theoretical methods. The relative error between the two methods was found to
be 0.8%, confirming the accuracy of the proposed algorithm. In subsequent discussions,
we established a practical scenario involving an engineering vehicle positioned on grass.
Simulations were performed from various angles, generating a comprehensive dataset. A
detailed analysis of the computed results was conducted, with a comparison and discussion
of the data observed at different angles of observation. The findings suggest that our
algorithm demonstrates exceptional simulation performance.

Hyperspectral technology is currently widely applied in various fields. The algorithm
proposed in this paper can provide simulated data for training models in hyperspectral
identification research and also assist in the study of material and target characteristics.
The algorithm is applicable to any scene that can be geometrically modeled and to isotropic
surface materials. By utilizing the spectral BRDF, this algorithm is suitable not only for
far-field hyperspectral scattering calculations but also for near-field calculations. In future
research, we aim to expand the simulated bands to include calculations for additional
spectra such as infrared. Currently, the algorithm does not account for atmospheric radia-
tive transmission effects caused by weather conditions such as clouds, fog, rain, or snow.
Calculations under nonideal lighting conditions will also be a focus of future research.
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