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Abstract: The utilization of radiative transfer models for interpreting remotely sensed data to evaluate
forest disturbances is a cost-effective approach. However, the current radiative transfer modeling
approaches are either too abstract (e.g., 1D models) or too complex (detailed 3D models). This
study introduces a novel multilayer heterogeneous 3D radiative transfer framework with medium
complexity, termed MART3D, for characterizing forest disturbances. MART3D generates 3D canopy
structures accounting for the within-crown clumping by clustering leaves, which is modeled as
a turbid medium, around branches, applicable for forests of medium complexity, such as temperate
forests. It then automatically generates a multilayer forest with grass, shrub and several layers
of trees using statistical parameters, such as the leaf area index and fraction of canopy cover. By
employing the ray-tracing module within the well-established LargE-Scale remote sensing data and
image Simulation model (LESS) as the computation backend, MART3D achieves a high accuracy
(RMSE = 0.0022 and 0.018 for red and Near-Infrared bands) in terms of the bidirectional reflectance
factor (BRF) over two RAMI forest scenes, even though the individual structures of MART3D
are generated solely from statistical parameters. Furthermore, we demonstrated the versatility
and user-friendliness of MART3D by evaluating the band selection strategy for computing the
normalized burn ratio (NBR) to assess the composite burn index over a forest fire scene. The proposed
MART3D is a flexible and easy-to-use tool for studying the remote sensing response under varying
vegetation conditions.

Keywords: 3D radiative transfer; 3D forest scene; composite burn index (CBI); forest disturbance;
normalized burn ratio (NBR)

1. Introduction

Forest disturbances, such as wildfires, insect invasion, the spread of invasive plants
and pathogen outbreaks, are greatly transforming and shaping the forest composition and
structures of forests in various pathways, including reductions in foliage, the removal of
underbrush and the thinning of the canopy and reducing habitats for animals [1–5]. In
recent years, driven by climate change and other factors, forest disturbances have occurred
more frequently, and the intensity of disturbances has shown an increasing trend, causing
serious impacts on ecosystem services such as forest carbon sink [6]. Therefore, constant
estimating and monitoring the distribution and severity of these disturbances are necessary,
which is of utmost significance in choosing appropriate post-disturbance management
strategies, aiming to minimize secondary consequences, such as soil degradation, and
hasten the regrowth process [7,8]. Although field measurements are the primary means of
obtaining information on disturbance status, they are often very time-consuming, resource-
intensive and unsuitable for large-scale assessment efforts.

Remote sensing nowadays has been recognized as a powerful and cost-effective tool
for mapping large-scale forest disturbances using remote sensing data, including images
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and LiDAR data [3]. Different types and severities of forest disturbances will cause different
biochemical responses and structural changes in the forest, which are reflected in different
responses to remote sensing signals. Wildfires can destroy vegetation, and even after a long
period of restoration, the vegetation coverage in severely burned areas is still far behind
the original [9], and the red, Near-Infrared (NIR) and Short-wave Infrared (SWIR) bands
are sensitive to the burned areas and vegetation areas affected by fires [10]. Forest insects
and diseases can cause a reduction in biomass, changes to pigment content and wilting in
plants. [11]. For example, pine shoot beetles cause changes in the color of needles, which in
turn affects the spectral characteristics of pine trees in the affected area, resulting in changes
in the needle reflectance in the green, red and NIR bands [12]. Therefore, mapping the
disturbance distribution and severity of disturbances requires an interpretation of remotely
sensed signals to estimate variables related to canopy structural and spectral properties.
Empirical statistical methods and image pattern recognition methods are commonly used
to monitor forest disturbances through remote sensing. The vegetation index empirical
threshold method is a widely used empirical statistical method, where indices include the
Normalized Difference Vegetation Index (NDVI) [13], the Normalized Difference Moisture
Index (NDMI) [14], etc. However, there are large differences between different regions, dif-
ferent types of forest (e.g., temperate forest and tropical forest), plant formations (e.g., grass,
shrubs, mediate trees and upper trees) and disturbance categories (e.g., wildfires, forest
insects and diseases), making this method difficult to transfer and apply. Among the image
pattern recognition methods, traditional machine learning algorithms such as random
forests [15–17] and support vector machines [18,19], as well as deep learning algorithms
like the UNet model [20], are often utilized to monitor forest disturbance areas. But such
methods have high requirements on data quality and availability, and the accuracy is often
limited by ground survey data [16].

Among all approaches, radiative transfer modeling has been regarded as a general
method to estimate canopy structural properties that does not require field measurements
through the simulation of remote sensing signals under various canopy architectures [21].
This method has better interpretability because it takes into account the spectral response
mechanism under vegetation stress, and it is more feasible for forest disturbance mapping
in different regions because it does not rely on local training samples. Therefore, it can be
adapted to different stand types and study areas. Moreover, the radiative transfer model
has the ability to describe complex canopies and can more accurately characterize different
types of damaged leaves under the influence of disturbances [22].

To date, however, radiative transfer models have not been widely applied to characterize
forest disturbances, with a few exceptions being the assessment of burn severities [7,23–25],
estimation of canopy structural variables [26,27] and monitoring of pests and diseases [28–30].
An underlying reason is that the majority of current radiative transfer models are either too ab-
stract to accurately depict heterogeneous canopy structures or too complex for common users
to parametrize. For example, the extensively used PROSAIL, i.e., PROSPECT+SAIL (Scatter-
ing by Arbitrarily Inclined Leaves) [31], relies on simplifying the foliage and branches into
a turbid medium, ignoring within-canopy fine-scale structures, e.g., the clumping of leaves.
Although 3D radiative transfer models, such as LESS (the LargE-Scale remote sensing data
and image Simulation model) [32] and DART (Discrete Anisotropic Radiative Transfer) [33],
can depict very detailed canopy structures, the efficient parameterization of the canopy to
describe different disturbance scenarios remains a challenging and laborious process.

This study proposes a multilayer heterogeneous 3D radiative transfer framework
(MART3D) to characterize forest structural and spectral alterations resulting from forest
disturbances. Its primary aim is to address the problem that traditional forest disturbance
monitoring methods are not widely applicable and have high requirements for measured
data. MART3D first models elementary components of the landscape, and the forest
disturbances are then implemented by adjusting the structural and spectral properties of the
scene elements, and canopy reflectance is generated through radiative transfer simulations.
MART3D is physically based, flexible and easy-to-parameterize, allowing for automatically
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generating trees with heterogeneous structures, which is suitable for applications in the
field of remote sensing. This study confirms the accuracy of the modeling method and
its impact on the simulated reflectance and also exemplifies the usage of MART3D in
evaluating the efficiency of the VI in determining the severity of forest fires. The results of
this study can be used to better understand how forest disturbances affect remote sensing
signals and to develop improved methods for detecting and monitoring forest disturbances
using remote sensing data. The structure of this article is as follows: Section 2 introduces
the generation of the landscape components and the modeling of forest disturbances, as
well as the radiative transfer computation. Section 3 verifies the accuracy of MART3D in
the bidirectional reflectance factor (BRF) simulation and applies it to forest fire scenarios.
Section 4 discusses the accuracy and innovations in the modeling method of individual trees
and future applications and limitations of MART3D. Section 5 summarizes the conclusions.

2. Materials and Methods
2.1. An Overview of the Framework

The multilayer heterogeneous framework consists of a soil layer and several canopy
layers (Figure 1). MART3D constructs disturbed forest scenes by combining elementary
landscape components, such as trees and shrubs, with parameters that quantify forest
disturbance. Typically, an undisturbed forest plot is initially produced by incorporating
parameters related to the forest canopy structure and leaf biochemical properties, including
the leaf area index (LAI), forest canopy cover (FCC), leaf chlorophyll content (LCC) and
leaf water content. Using these parameters, MART3D automatically generates a 3D virtual
landscape. Depending on the type and severity of forest disturbance, this undisturbed
forest plot is then modified by adjusting its structural and spectral parameters, upon which
the reflectance of the disturbed scene is simulated. Since the canopy shapes are relatively
regular and the layers of the forest are moderately complex, this framework is more applica-
ble for temperate forests, the vertical structure of which generally consists of distinct layers
dominated by arboreous layers. The specific process is as follows: (1) First, an undisturbed
canopy scene is constructed, including individual trees with crowns, leaves and branches,
as well as grass, shrubs and soil layers. (2) Subsequently, according to the characteristics
of the forest disturbance types, we embark on forest disturbance parametrization. For
instance, the simulation of forest fires entails the canopy’s structural and spectral alterations,
while simulating forest insects and diseases primarily involves spectral alterations (due
to changes in LCC, etc.). (3) On the basis of the constructed 3D heterogeneous disturbed
scene, we simulate the radiative transfer to derive the reflectance. Further elaboration on
each part will be provided in the subsequent Sections 2.2–2.4.
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2.2. Structure of Landscape Components

Unlike 1D radiative transfer models that abstract tree crowns into homogeneous layers,
MART3D takes into account the heterogeneous structures of individual trees, as well as
the within-crown clustering. Specifically, each individual tree is depicted with explicitly
described branches and turbid medium-based leaf clusters [34]. Three crucial factors are
considered in this study to construct a parametric tree model for easing the use of MART3D
and strike a balance between complexity and accuracy; they are, respectively, the shape of
the crown, the arrangement of branches and the distribution of leaves.

2.2.1. Modeling of Tree Crown and Branch

The crown shape is commonly modeled as simple geometries, including ellipsoid
(e.g., Quercus palustris Münchh.), cone (e.g., Larix principis-rupprechtii Mayr), cylinder
(e.g., Taxus baccata L.) and cube (e.g., pruned Betula pendula Roth). However, to repre-
sent more diverse crowns, a minimalistic tree generator model, TAG (Tree Generation
based on Asymmetric generalized Gaussian), proposed by [35] is employed to produce
crown contours with a greater degree of flexibility than simple geometries. By tweaking its
shape parameter α and two scaling parameters σl and σr, TAG can model a wide range of
crown shapes. TAG is a generalized Gaussian distribution that exhibits skew and can be
defined as follows:

f (x; α, σl , σr) =


α

(βl+βr)Γ(1/α)
exp

(
−
(
−x
βl

)α)
, x < 0

α
(βl+βr)Γ(1/α)

exp
(
−
(

x
βr

)α)
, x ≥ 0

(1)

βl = σl

√
Γ(1/α)

Γ(3/α)
, βl = σr

√
Γ(1/α)

Γ(3/α)
(2)

where shape parameter α influences the overall contour of the crown, particularly its
roundness, and a larger value brings the crown closer to a cylinder; σl and σr regulate the
lower and upper portions of the crown, respectively. By flipping the x-y coordinate and
rotating the curve about the y-axis, a 3D boundary of the crown can be obtained which is
symmetrical on the horizontal plane.

The trunk and branches comprise multiple cones (Figure 2), with the largest represent-
ing the tree trunk itself. Branches are affixed to the trunk at designated heights calculated
by the trunk base height (Htb) and the vertical distance between branches (Hbb), such as
Htb, Htb + Hbb and Htb + 2Hbb. At each branch height, the number of branches (Nb) can be
configured and are evenly distributed across the azimuthal angle of [0◦, 360◦). Additionally,
a random angle is added to each branch to impart a more natural appearance to the tree.
The branch zenithal angle can also be adjusted within the range of (0◦, 180◦). These two
angles, i.e., azimuthal and zenithal angles, define the direction of a branch. Thus, its
intersection with the crown determines the length of the branch. The base radius of the
branch is regulated by the branch radius scale factor ( fbt) in relation to the trunk radius at
the same height, i.e.,

Rbranch = fbt·Rtrunk (3)

where Rbranch is the base radius of the branch; Rtrunk is the trunk radius at the branch height,
and it is determined by the diameter at breast height (DBH) and total tree height, becoming
progressively smaller from bottom to top.
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Figure 2. The modeling of individual trees in MART3D: (a) The generation of the crown by TAG;
(b) Trunk and branch generation; (c) Leaf generation through random sampling within the crown;
(d) Clustering of leaves around branches.

2.2.2. Modeling of Leaf Clumping

For modeling the leaves, a turbid medium-based approach is used in this study to
reduce the requirement for computational resources and ease the setting of parameters.
Specifically, leaves are enclosed by a complex boundary, and their properties are described
with statistical parameters, including leaf volume density (LVD) and leaf angle distribution
(LAD) [34]. Considering that leaves are typically attached to branches, we simulate the
within-crown clumping by aggregating leaves around branches. As shown in Figure 2,
a crown contour is first produced using TAG by specifying the crown diameter and crown
height, followed by the generation of branches within the crown using branch parameters
(Figure 2b). To model the clustering of leaves, a leaf clumping parameter ( fc) and a leaf
distance factor to branch root ( fd) are defined. fc governs the degree of leaf clumping
around the branches. Firstly, a large number of random points are first generated within the
crown (Figure 2c), creating the leaf point cloud. Then, we uniformly sample points along
the branches (Figure 2d), resulting in the branch point cloud. For each leaf point, we locate
the nearest branch point and offset the leaf point using the leaf clumping parameter fc, i.e.,

p′ = p + d(1 − fc)ω (4)

where p′ is the new position of the leaf point p; ω and d represent the unit vector and
distance from p to the nearest branch point, respectively. The value of fc ranges from
0 to 1, where fc = 0 indicates that all the leaf points are attached to the branch, and
fc = 1 represents a completely random situation, where no leaf clumping occurs. As fc
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approaches the value of 0, more leaf points are clustered near the branch. The leaf distance
factor to branch root, fd, indicates the distance of leaves from the root of the branch,
i.e., determines the extent to which the leaves are concentrated at the top of the branches,
mimicking natural plants where leaves are more densely distributed around the crown
periphery. The range of fd is also from 0 to 1, controlling the starting points along branches
when sampling the branch point cloud; when fd = 0, the sampling begins from the branch
root and leaves cover the entire branch, while fd = 1 means that only the branch tip is
sampled. The closer its value is to 1, the more leaves are clustered at the branch tip. Several
examples of generated individual trees with different crown shapes, and clumping factors,
demonstrate that the TAG-based crown generation method can also produce cone- and
ellipsoid-like shapes (Figure 3). Finally, the 3D contour envelope of the branch point cloud
is created with the alpha shape algorithm (Figure 2d), which is widely used in 3D radiative
transfer models for lightweight boundary descriptions of forest canopies [34].
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2.2.3. Modeling of Grass and Shrubs

To model the grass and shrubs, although the same approach with individual trees
described above can be directly applied, however, a simplified approach is employed in this
study, considering the large numbers of such plants. Specifically, the shrubs are modeled
as spheres with a turbid medium inside, while grasses are modeled with a homogeneous
layer. The structural properties of these two vegetation layers are described with LVD and
LAD as well.

2.3. Forest Disturbance Modeling
2.3.1. Forest Plot Generation

In order to model the forest’s structural and spectral alterations resulting from distur-
bances, a base forest plot, i.e., undisturbed forest plot, with a default extent of 30 m × 30 m
is first generated using the landscape components detailed in Section 2.2. This procedure
necessitates the acquisition of canopy-level parameters, including the LAI of grass, shrub,
mediate tree and upper tree and the FCC of shrub, mediate tree and upper tree. Based
on the value of the FCC, in conjunction with the crown diameter of the individual tree,
the number of trees in the simulated forest plot can be determined. The LVD of each
individual tree is then calculated based on the LAI and the crown volume derived from
leaf boundaries. Stem density is then calculated, and the positions of each tree and shrub
are randomly generated based on stem density; however, a minimum distance is set to
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avoid the trunk overlapping within the scene. The corresponding calculation methods are
as follows:

Ntree =
(x·y)·FCC

1/4·π·Dcrown_SN ·Dcrown_EW
(5)

LVD =
(x·y)·LAI
Ntree·CV

(6)

SD = 100·100· Ntree

(x′·y′) (7)

where Ntree is the number of trees. For a 30 m × 30 m plot, its typical value ranges
from 0 to 70, adjusted according to the FCC and crown diameter. x and y represent
the size of the scene in the east–west direction and south–north direction, respectively;
Dcrown_SN and Dcrown_EW are the diameters of the tree crown in the south–north direction
and east–west direction, respectively. CV is crown volume; SD is the stem density, which
is the number of trees per hectare; x′ and y′ are the size of the range corresponding to the
tree generation position, slightly smaller than the size of the scene, calculated, respectively,
as x′ = x − Dcrown_EW and y′ = y − Dcrown_SN , to ensure that the crowns do not exceed the
scene boundaries.

2.3.2. Disturbed Forest Plot Parametrization

Instead of modeling specific disturbances separately, we try to find the common change
characteristics of forest disturbances and propose a comprehensive modeling approach.
Although there are various forest disturbance events, such as wildfires, insect invasions
and pathogen outbreaks, no matter what type of forest disturbance it is, it will ultimately
lead to structural and spectral changes in the forest. Therefore, in MART3D, we simulate
the changes in these two properties undergone by the forest plot when disturbed by events,
making the model more generalizable. To enable these alterations, we define the disturbed
layers, ranging from health to severe damages, into 7 levels, which are inspired by the
widely used composite burn index (CBI) [36]. These damage levels (DLs) are categorized
on a scale of 0 to 3, with a step of 0.5. Specifically, we modify the LAI, component spectra of
grass, shrub, mediate tree and upper tree according to the input damage levels. Finally, we
compute a composite disturbance index by averaging the damage levels of each layer. For
the LAI, the modified LAI is computed as LAIo(3 − DL)/3, where LAIo is the parameter of
the health layer, and DL is the input damage level. For color change in leaves, branches and
soils, a component spectrum from the most severe case (Ssevere) is first provided, then the
modified spectra of each layer are computed as Snormal

3 (3 − DL) + Ssevere
3 DL, where Snormal is

the component spectrum for the health case.

2.4. Radiative Transfer Computation

Due to the significant heterogeneity of the generated forest plot, the analytic solution
for the radiative transfer is practically infeasible. Consequently, a Monte Carlo ray-tracing
technique is employed to simulate canopy reflectance. Specifically, LESS is utilized to imple-
ment these radiative transfer simulations. LESS is a ray-tracing-based 3D radiative transfer
model that can simulate diverse remote sensing data, including multispectral images, ther-
mal images and LiDAR data [32]. The latest version of LESS provides a boundary-based
approach to describe leaf cluster (B-cluster), which strikes a suitable balance between model
complexity and computation efficiency [34]. The B-cluster encapsulates a cluster of leaves
with a complex boundary and describes the within properties by LVD and LAD, rendering
it ideal for crowns generated with the approach described in Section 2.2. Therefore, LESS
serves as the computation backend for the proposed MART3D.
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3. Results
3.1. Model Accuracy Evaluation

Radiation Transfer Model Intercomparison (RAMI) [37] is an internationally recog-
nized standard model intercomparison project for verifying radiative transfer models,
which accomplishes model cross-validation through the establishment of a range of stan-
dard scenes. These scenarios are of various types, ranging from simple scenes to realistic
and complex scenes. To verify the accuracy of the tree modeling method and its im-
pact on simulated reflectance, we selected two representative forest scenes from simple
and complex scenarios, respectively, in RAMI: an abstracted forest (HET10) composed of
2547 spheres and a realistic forest canopy (HET09) consisting of 1029 trees from 7 species of
18 different individual tree models with detailed within-crown structures. These two scenes
have been used in many studies for the validation of model accuracy [38–40]. HET10′s
sphere crowns are filled with disc leaves, and each sphere has an LAI of 5.0. These spheres
are randomly distributed within a 101 ×101 m scene, resulting in a total LAI of 0.98 and
a canopy cover fraction of 0.1961. HET09 has a size of 105.5 m × 106.2 m, with a total LAI
of 3.442, a canopy cover fraction of 0.5 and a wood area index of 3.2. In this case, we also
used the tree positions and crown diameters provided by RAMI as input for MART3D.
The spectral properties of all the trees and soil background can be obtained from the RAMI
website. With these statistical parameters, we simulated BRFs in a principal plane from
−75◦ to 75◦ with MART3D with a solar zenith angle of 20◦. The MART3D simulated
BRFs were then compared with the BRFs simulated with LESS over the original RAMI
scenes. Specifically, in the scene of a realistic forest canopy, we compared the clumped
crowns proposed in this paper with the traditional simple crowns (no within-clumping is
considered), and we also compared branches generated from statistical wood parameters
with branches with exact detailed structures.

We depicted the simulated BRFs using MART3D and LESS over the two selected
abstracted and realistic forest canopies (Figure 4). It is evident that the BRF simulated with
MART3D closely matches the BRF simulated with LESS, even though the MART3D scene
is generated solely from statistical parameters. The consistency can be attributed to the fact
the abstracted scene comprises only sphere-like canopies, with leaves uniformly distributed
within each crown, thereby satisfying the assumption made in MART3D. However, for
more realistic canopies, although the BRF between MART3D and LESS still matches, some
inconsistencies exist. The RMSE (Root Mean Square Error) of red and NIR for the clumped
MART3D scene is 0.0022 and 0.018, respectively, while for the simple crown scene, they are
0.0034 and 0.047, respectively. These results suggest that the consideration of the clumped
leaves within crowns is essential. Furthermore, we also compared the BRF simulated
using only branches. Although MART3D employs statistical wood parameters, instead of
exact detailed structures, to generate the branch structures, the overall BRF shows good
agreement, with RMSEs equal to 0.006 and 0.006 for red and NIR, respectively.

3.2. Model Applications

To demonstrate the usage of the proposed MART3D, we conducted a series of sim-
ulations over a burnt forest scene to characterize the burn severity through the remote
sensing observed reflectance. The forest scene comprises five layers, including soil, grass,
shrub, mediate tree and upper tree. The parameters used to construct the undisturbed
forest scene (i.e., unburnt scene) are illustrated in Table 1. The spectra of normal soil, ash
and trunk used in this study (Figure 5) were extracted from the Fire Research And Man-
agement Exchange System (Frames, https://www.frames.gov/, accessed on 1 November
2023). The disturbed scene is generated based on the undisturbed scene by defining the
DL of each canopy layer and modifying the LAI and component spectrum, respectively,
according to Section 2.3. The spectra of health and severe leaf are generated according to
the green leaf and brown leaf parameters listed in Table 1 by using the PROSPECT model.
The spectra of the burnt soil/branch are the composite of the normal soil/normal branch
and ash spectra. To perform the simulation, the DLs of all the five layers are defined from

https://www.frames.gov/
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0 to 3 with a step of 0.5. However, some unrealistic combinations are filtered out according
to the study of [7]; for instance, under the influence of wildfires, the DLs of the upper layer
are generally not higher than the DLs of the lower layer. The simulations were carried out
from 400 to 2500 nm with a 10 nm interval. Based on the simulated canopy reflectance,
several vegetation indices and the corresponding CBI were computed and evaluated.
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Table 1. The parameters of the undisturbed scene.

Layer LAI FCC Leaf Parameters
(N, Car, BP, Cm, Cab, Anth, Cw) 1

Grass 1.0 ---
Green leaf: 2.5, 8.0, 0.2, 0.035, 70, 0.0, 0.048
Brown leaf: 2.5, 8.0, 1.5, 0.035, 20, 0.0, 0.0008

Shrub 1.0 0.5
Mediate tree 1.5 0.3
Upper tree 2.5 0.7

1 N: Leaf structure parameter; Car: Carotenoid content (ug/cm2); BP: Brown pigment content; Cm: Dry matter
content (g/cm2); Cab: Chlorophyll content (ug/cm2); Anth: Anthocyanin content (ug/cm2); Cw: Equivalent
water thickness (cm).
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The normalized burn ratio (NBR), defined as (NIR − SWIR)/(NIR + SWIR), is com-
monly employed to assess the CBI; identifying the optimal band selection poses a challenge,
owing to the unavailability of field-measured CBI. Thus, in this study, we employ the
simulated dataset to ascertain the optimal band combinations from the two NIR bands
(NIR1~NIR2) and eight SWIR bands (SWIR1~SWIR8) of WorldView-3 for calculating the
NBR. The central wavelengths of NIR are 832 nm and 948 nm, whereas those of SWIR are
1210 nm, 1572 nm, 1661 nm, 1730 nm, 2164 nm, 2203 nm, 2260 nm and 2329 nm.

The regression correlation between the CBI and dNBR (the difference between the pre-
fire NBR and post-fire NBR) indicates a positive relationship, utilizing different NIR and
SWIR band combinations (Figure 6). Notably, the pairing of NIR1 and SWIR6 demonstrates
the highest R-squared value of 0.791. Similarly, NIR2/SWIR6 and NIR12/SWIR5678
(where NIR12 donates the mean value of NIR1 and NIR2) exhibit closely comparable
outcomes, whereas NIR1/SWIR3 and NIR2/SWIR3 yield lower accuracies. These findings
were also validated by [41], which conducted a study assessing the CBI through field
measurements and WorldView-3 images. This assessment indicates that optimizing band
combinations using simulation datasets is a cost-effective method, which can also be
employed to investigate the effects of sensor band response function, bandwidth and other
factors, providing greater flexibility than field measurements.
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4. Discussion
4.1. Accuracy of BRF Simulation

In this study, the BRF was simulated with MART3D for two forest scenes from RAMI
and compared with the BRF simulated with LESS in the original RAMI scenes, where the
simulation accuracy of the LESS has been well verified [32]. Based on the obtained results
on representative red and NIR bands, it is evident that MART3D achieved good simulation
accuracy for both abstracted scenes and realistic scenes. Comparing the RMSE and the
consistency of the BRF between MART3D and LESS, the results highlight the significance
of considering clustered leaves within the canopy, and branches generated using statistical
wood parameters perform well in BRF simulations. Compared to PROSAIL [31], MART3D
can describe the heterogeneous canopy structure with a fine-grained internal structure of
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the canopy, focusing on the distribution of branches and the aggregation of leaves. On the
other hand, compared with models such as DART [33] and complete LESS [32], MART3D
is relatively lightweight in the construction of forest scenes and more efficient in simulation.
It can be effectively parameterized using simple statistical parameters and achieve accuracy
close to complex models in the simulation of the BRF.

4.2. Innovations in Modeling Method of Individual Trees for Remote Sensing Applications

Although there are a large number of tree modeling and simulation methods in the
field of computer graphics, most of these methods are oriented towards visualization,
where the need is to be as visually realistic as possible [42]. However, in the field of remote
sensing, the need to construct trees is mainly to well represent the parameters commonly
used and to reflect the state of the ground surface. The generation of individual trees
with heterogeneous structures in MART3D does not require much measured information,
and only simple statistical parameters such as the canopy structure and leaf biochemical
properties are needed to construct the scene. Meanwhile, we use TAG to generate canopy
contours, which can be adjusted with parameters to flexibly and accurately represent
a wider variety of crown shapes and simulate irregularly shaped trees in reality. In addition,
the structure of branches and the within-crown clustering characteristics of leaves are also
considered in MART3D, e.g., the leaf distance factor to branch root takes well into account
the aggregation of leaves at the periphery of the canopy due to photosynthesis. Additionally,
the turbid medium-based approach for modeling the leaves contributes to speeding up
the computational speed and simplifying parameterization. Therefore, MART3D ensures
that the modeling is relatively simple and efficient while the trees are closer to their
characteristics in real habitats, which can meet the needs of remote sensing applications
and facilitate research and practical use. The individual tree generation method in this
model has already supported some applications, including waveform simulation and the
retrieval of chlorophyll content. By comparing with real GEDI observations, this study
verified the effectiveness of simulated waveforms for different forest scenes in identifying
tree height components [35]. Additionally, it has been found that appropriate leaf spatial
aggregation by our method can help improve the accuracy of chlorophyll content retrieval
using the canopy spectral information, which was verified by a field-measured dataset [43].
These studies have demonstrated the effectiveness of this method and its proximity to
natural trees.

4.3. Future Applications and Limitations of MART3D

There will be a wide range of applications for MART3D in the future. In practical
research, the measurement of data in forest disturbance scenarios is difficult and hazardous,
so there is a lack of field measurement data. The lightweight and easy parameterization of
MART3D makes it possible to quickly construct several different severities of disturbance
scenarios and automatically simulate corresponding remote sensing spectral data, which
can effectively reduce reliance on field survey data. Therefore, compared with traditional
methods such as empirical statistics, the approach proposed in this paper is more easily
adaptable and applicable. Furthermore, compared to canopy spectral data simulation
methods for a single type of forest disturbance using radiative transfer models [25,30],
MART3D can be used as a general forest modeling framework considering the structural
and spectral characteristics of the vegetation and can be applied to simulations of different
types of forest disturbance scenarios. And MART3D is user-friendly and computationally
efficient compared to models that require complex parameterization, and the simulated
data are of high accuracy. In this paper, we exemplify its application for the optimal
band selection of indices in disturbances such as wildfires, which can also be used in
studies of other forest disturbances such as diseases and insect pests by structural and
spectral alterations, etc. In addition, the application of MART3D can facilitate the study
of the response mechanism of remote sensing signals under forest disturbances and the
construction of novel vegetation indices, which can help to detect and monitor forest
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disturbances, and invert the parameters using remote sensing data. Utilizing MART3D for
simulating extensive batches of remote sensing spectral data to train and improve the forest
disturbance monitoring model and subsequently applying it to real remote sensing images
is indeed a viable way to realize the monitoring of forest disturbances over a large area.

However, there are still some weaknesses in MART3D that need to be improved
upon. (1) Since the canopy constructed by MART3D is relatively regular and ideal, it
has good applicability to non-tropical forests, such as temperate broadleaf forests, mixed
forests and needleleaf forests, but it is not suitable for the simulation of overly complex
forests, such as tropical forests. (2) The damage level of forest disturbance is difficult to
describe quantitatively, so its definition is inevitably somewhat subjective. (3) Modeling
the heterogeneity of disturbances in the vertical direction of a single tree is still challenging,
which will be further considered and improved on the basis of MART3D in the future.

5. Conclusions

This study proposed a novel approach, called a multilayer radiative transfer simulation
framework (MART3D), for accurately modeling the canopy reflectance over heterogeneous
canopies. MART3D automatically generates landscape elements, particularly individual
trees, wherein the structures of branches and leaf clusters are explicitly modeled using
a few measurable parameters. By comparing with the detailed forest scene from RAMI, we
demonstrated that the parametrization scheme of MART3D achieves high accuracy in terms
of the BRF. Additionally, we showcased the use of the proposed MART3D by simulating the
reflectance of a forest fire scene and evaluated the performance of the NBR computed with
different WorldView-3 bands. This study reveals that using a simulation dataset with the 3D
radiative transfer model is a reliable and cost-effective method for characterizing the remote
sensing response of forest disturbances. It is also an effective tool to generate a simulation
database to support a remote sensing estimation of parameters over heterogeneous forests.
The approach can provide decision support for the forestry department. In practical
applications, it is planned to be extensively used in mapping large-scale forest disturbances,
to obtain monitoring and early warning information for affected forest areas, providing
strong support for safeguarding forest resources and ecosystems. The code for MART3D
can be accessed through the following link: https://github.com/jianboqi/MART3D.
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