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Abstract: Fine fuel load (FFL) is a crucial variable influencing the occurrence of wildfire. Accurate
knowledge of the distribution of FFL in mountainous forests is essential for ongoing wildfire risk
management and the stability of mountain ecosystems. Traditional methods of estimating forest
fuel load typically involve ground surveys combined with remote sensing, which can be costly
and inefficient. Therefore, low-cost, large-scale FFL estimation remains challenging. In this study,
Sentinel-2A satellite imagery from the Changsha forest region was used as the data source. Firstly,
different feature variables were constructed based on false-color (B843), true-color (B432), four-
band (B8432) combinations, and the Normalized Difference Water Index (NDWI). Subsequently,
a machine learning approach based on random convolution was employed to estimate FFL. This
study also included accuracy assessments of the estimation results and the creation of FFL maps for
the study area. The results showed that the FFL estimation based on the B8432 band combination
achieved the highest accuracy, with RMSE and R2 values of 5.847 t·hm−2 and 0.656, respectively.
FFL estimation results based on false-color imagery followed, with true-color imagery and NDWI
index-based estimation results exhibiting lower accuracy. This study offers critical FFL insights using
random convolution techniques applied to Sentinel-2A imagery, enhancing the ability to monitor and
manage forest fuel conditions effectively, thereby facilitating more informed regional wildfire risk
management strategies.

Keywords: fine fuel load; wildfire; mountain ecosystem; Sentinel-2A; random convolution; machine
learning

1. Introduction

Forest fires are intricately linked to human life, often resulting in negative impacts
primarily in the form of natural resource losses and threats to human safety. Secondary
damages include the destruction of homes and public buildings [1]. A key factor in
the occurrence of forest fires is the presence of combustible materials within the forest.
The interrelation between forest fuels and mountainous ecosystems is notably close-knit.
Owing to the complexity of the terrain and diverse climatic conditions, fuel accumulation
can happen rapidly. This accumulation heightens the risk of forest fires, which, in turn,
can disrupt the balance of mountainous ecosystems. Therefore, controlling forest fuels
is essential for the maintenance and protection of these ecosystems. Managing forest
fuels effectively not only reduces the likelihood of wildfires but also helps in preserving
the ecological integrity and biodiversity of these critical habitats. Combustible materials
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in forests can be categorized into multiple types based on their sources and physical
properties [2]. Any category of combustible material can potentially ignite, leading to
forest fires. The level of combustible material, known as forest fuels load, is a critical factor
directly affecting the intensity and size of forest fires [3,4]. Precise fuel load maps facilitate
the formulation of targeted forest fire prevention strategies, such as regular clearing of
highly FFL areas within forests to reduce the likelihood of ignition from wild sources,
thereby mitigating the potential impacts of forest fires [5,6]. They also contribute to the
development of targeted forest fire management strategies [7,8].

Forest combustibles mainly consist of biomass and can be categorized into fine fuel
and coarse fuels based on the size of the combustible particles. Fine fuel encompasses small
branches, leaves, and grass, as well as surface and subterranean organic matter. Coarse fuels
include large logs, shrubs, and fallen trees [9]. In our study, fine fuel load (FFL) represents
the sum of shrub, herbaceous, FWD (Fine Woody Debris), and litter components within the
fuel stratum [10]. Fine fuel possesses a relatively large surface area-to-volume ratio, making
it prone to ignition. Once ignited, the compactness and continuity of fine fuel facilitate
the sustained spread of fire [11]. When a surface fire ignites the canopy fuels, under the
influence of wind, the fire can rapidly expand and ignite additional combustibles, leading to
an escalation in the scale of the wildfire. Therefore, an accurate FFL map not only assists in
identifying areas of excessive fine combustible accumulation in forests but also guides and
plans forest operations to ensure they are kept within reasonable limits. This approach can
reduce the likelihood of high-intensity and human-caused forest fires, while acknowledging
that moderate natural fires play a significant role in ecosystem management.

The determination of forest combustible materials involves several methodologies, in-
cluding direct measurement [12], the utilization of allometric equations, and the application
of biomass expansion factors [13,14]. The conversion of measurement data to a per-unit-
area basis yields the forest FFL unit (t·hm−2). The conventional ground-based assessment
of forest fine fuel load primarily entails destructive sampling conducted within the forest
environment [15] coupled with the establishment of statistical models. Although data gar-
nered from such field surveys are valuable and dependable, their frequent repetition poses
challenges due to the time-consuming and labor-intensive nature of the process [16,17].

Estimating FFL through remote sensing offers cost advantages over traditional field
surveys, especially when considering large-scale spatial and long-term assessments [18].
The combination of Synthetic Aperture Radar (SAR) images acquired via airborne SAR
sensors and semi-empirical algorithms has yielded estimation accuracy values exceeding
70% for both canopy fuel weight and forest biomass. Forest structure indicators obtained
from airborne Light Detection and Ranging (LIDAR) data have achieved an R-squared value
of 0.84 in estimating forest canopy fuel parameters [19,20]. Yang Chen and collaborators
developed a forest surface fuels load prediction model using LIDAR data with an R2 of
0.61 [21]. The utilization of various airborne radar remote sensing methods for estimating
forest flammability has proven to be highly reliable. However, both LIDAR and airborne
SAR sensor approaches are costly and difficult to replicate. There is a current need for a cost-
effective, repeatable, and large-scale remote sensing method for predicting forest fuels, with
cost-effective satellite remote sensing emerging as an ideal choice. Satellite remote sensing
can provide extensive and long-term image data, offering the potential for large-scale and
long-term FFL estimation [22]. Although many studies have focused on the canopy fuels of
forests, ground-level fuels present a unique challenge due to their relative inaccessibility to
direct detection via remote sensing technologies. Numerous scholars have attempted to
integrate satellite remote sensing technology for estimating forest fine fuel [23–26] and have
used this technology to create forest combustible load maps, which have become integral
components of comprehensive fire management policies in some regions [27]. Accurately
estimating ground-level combustible materials using remote sensing satellites remains a
formidable challenge. To address this, our study introduces a machine-learning-based
approach for the estimation of FFL. This method employs random convolution to extract
and filter FFL-related feature values from satellite imagery. By integrating these extracted
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features with ground-surveyed FFL data, we leverage machine learning techniques to
construct a comprehensive FFL estimation model. This innovative approach combines the
strengths of remote sensing and machine learning.

In recent years, machine learning has emerged as a burgeoning technology. It demon-
strates the potential to transform substantial volumes of unstructured image data into
actionable quantitative insights. The amalgamation of machine learning methodologies
with satellite remote sensing data has been explored to estimate FFL, as evidenced by efforts
in this direction [28]. High-resolution images, such as QuickBird, have been demonstrated
to be valuable in predicting the load of fine combustibles [25]. Utilizing high-resolution
aerial imagery (0.26 m) and employing the Random Forest machine learning approach,
precision levels exceeding 80% have been achieved in the estimation of fine fuel in range-
land [29]. These studies highlight the effectiveness of high-resolution imagery and machine
learning techniques in accurately estimating FFL in different environments and applications.
However, within the scope of this study’s knowledge, a research gap persists, particularly
in the context of FFL estimation under unfamiliar forest conditions. Furthermore, the dearth
of comprehensive large-scale investigations into FFL estimation remains conspicuous.

To address the challenge of rapidly estimating FFL at a large scale, this study aimed
to: (1) utilize an unsupervised random convolution approach for FFL estimation from
imagery; (2) develop a machine learning model for predicting FFL over a large-scale
forest area; (3) predict the distribution of FFL in the study area and generate an FFL
map; and (4) provide the study area with reference points for fine fuel management
strategies and wildfire prevention strategies based on the FFL map. In summary, this study
aimed to combine unsupervised image analysis, machine learning, and geospatial data
to efficiently estimate and map FFL, which can be valuable for forest management and
wild-fire prevention strategies in the study area.

2. Materials and Methods
2.1. Study Area

The study area is situated within Changsha City, located in Hunan Province in central–
southern China. The geographic coordinates encompass longitude 111◦53′ to 114◦15′E and
latitude 27◦51′ to 28◦41′N (Figure 1). Spanning a total land area of 11,819 square kilometers,
Changsha City maintains an average elevation of 44.9 m, with elevations ranging from
23.5 m to 1607.9 m. The topography of the region presents distinct characteristics, with
mountainous terrain enveloping the eastern and western boundaries, while the central
area exhibits flatter landscapes. The prevailing climate of this region is categorized as
subtropical monsoon, characterized by prolonged summer and winter seasons and shorter
spring and autumn intervals. The bulk of annual precipitation occurs during the summer,
contributing to an average annual rainfall of 1361.6 mm within the city’s jurisdiction.
Rainfall measurements fluctuate between 1358.6 mm and 1552.5 mm across various counties.
Notably, the primary vegetation type found in the study area is subtropical evergreen broad-
leaved forest. This encompassing flora comprises an impressive diversity of 462 species of
evergreen trees, 515 species of deciduous trees, and 414 species of shrubs [30]. The region
showcases a rich assortment of vegetation types, reflecting its ecological variety.

In the study area, the forest coverage is 55%, with forests primarily located on the
eastern and western sides, as depicted in Figure 2a. These forested regions extend over
all mid-to-high-altitude areas, shown in Figure 2b, and include areas where the terrain
has gentler slopes, as seen in Figure 2d. The predominant topography in these regions is
characterized by hills and mountains. The mountainous environment represents one of
the most unique and diverse ecosystems on the planet, exhibiting a wide range of climatic
conditions due to its elevation variations, which, in turn, contribute to its rich biodiversity.
These ecosystems also serve as crucial water conservation areas, helping to reduce soil
erosion, and provide significant cultural and economic values. The urban areas within
the study region are in close proximity to these forested areas, where human activities are
intensive. Many of the cultural and economic values in these places are highly dependent
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on the mountainous ecosystem. While fire is a natural part of forest ecosystems, it is the
high-intensity forest fires that pose a particularly destructive impact on these mountainous
ecosystems, as opposed to more frequent, lower-intensity fires that can play a beneficial
role in some contexts. Accurately understanding the distribution of FFL and implementing
appropriate strategies for its clearance to reduce the intensity or prevent forest fires is
immensely valuable for maintaining the stability of the mountainous ecosystems in the
study area. Therefore, the forest area of Changsha has been selected as the focal area for
the prediction and analysis of FFL in this research. Between 2000 and 2018, there were
732 recorded forest fire incidents in the study area, with human activities accounting for
over 99% of these occurrences [31]. The prevalence of forest fires in this region may be
attributed to frequent agricultural activities and outdoor rituals, further facilitated by a
relatively high forest cover of 55%.
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Figure 1. Study area. A median-composite B432 true color image of the study area from March to
October 2022. Images (a–c) delineate three distinct forest cover scenarios, varying from high to low
coverage, with each green dot within these images indicating a specific 2 × 2 m sampling point.
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Figure 2. (a) Displays a digital elevation map of the study area, (b) shows the land cover map,
(c) presents a composite of various vegetation indices where different indices are represented by
distinct colors in the RGB spectrum, and (d) illustrates the slope distribution map of the study area.

2.2. Field Data

Field data were collected between March and October 2022. This study selected
120 plots within the forested areas of the study area. This study involved a structured
approach to data collection within each 500 m rectangular plot. For a comprehensive
investigation of fuel material, we randomly selected 11 sampling points across each plot. It
is crucial to note that despite the randomness in selection, these points were evenly and
representatively distributed within the forested areas of the plots. This strategic approach
ensured a balanced representation of the different sections within each plot, enhancing
the reliability of our findings. In Figure 1, plots a, b, and c are depicted, where green
dots represent the sampling points for fuel material. All plots and sampling points were
positioned and corrected using Real-Time Kinematic (RTK) in the GCS2000 coordinate
system. Figure 3 presents a field photo and schematic of a sampling point within the plot.
Two methods were employed for fine fuel investigation within a 2 × 2 m rectangle at the
sampling point: (1) Surface sampling: This sampling targeted the shrub layer. All shrub
combustibles on the surface, with each individual shrub under 30 cm in height classified
as herbaceous, were measured using a standard tape measure. The collected material
was weighed on site using an electronic balance with a precision of 0.01-g. (2) Complete
sampling: Based on the surface sampling, this method involved the complete collection
of the herbaceous, litter, and FWD. In this context, FWD is a combination of 1 h and
10 h fuels, categorized based on their diameter. The 1 h fuels, consisting of twigs and small
branches with a diameter less than 0.25 inches, and the 10 h fuels, composed of slightly
larger woody materials up to 1 inch in diameter, were collectively assessed. All materials
were weighed on site using an electronic balance with 0.01 g precision. The humus layer
fuel was collected after removing any stones and dead branches. Following the method of
Tongxin Hu et al. [32], the collected samples were dried to absolute dryness to eliminate the
influence of moisture content variability. After measuring the weight of the dried samples,
data from all sampling points within each plot were aggregated, and the FFL for each
plot was calculated on a per-unit-area basis. The unit of measurement for FFL is tons per
hectare (t·hm−2).
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fuel within the sample plots.

2.3. Satellite Imagery Data

The Sentinel-2 satellite, a project of the European Space Agency (ESA), provides
imagery spanning thirteen spectral bands encompassing visible light, near-infrared, and
short-wave infrared wavelengths [33]. This research utilized Level 2A products from
the Sentinel-2A satellite, which have undergone preprocessing steps such as atmospheric
correction. The central wavelengths employed in this study include near-infrared (834 nm),
blue (496.6 nm), green (560 nm), and red (664.5 nm) bands. Additionally, our study explores
the use of common vegetation indices to estimate FFL. These vegetation indices, derived
from remote sensing data, likely have an indirect but potentially close correlation with
FFL. The perspective of Sentinel-2A suggests a relationship between tree canopy conditions
and the surface fuel found in the understory, which is an important aspect to consider in
this context. By analyzing the spectral characteristics of the forested areas, these indices
may provide insights into the presence and quantity of combustible materials on the forest
floor. This research referred to the work of D’Este [27] and employed vegetation indices,
namely NDVI (Normalized Difference Vegetation Index), NDWI (Normalized Difference
Water Index), and NDMI (Normalized Difference Moisture Index), based on the images
with a spatial resolution of 10 m. Clouds and shadows were masked using the QA60
band in the Google Earth Engine (GEE) platform [34]. Median composite images for the
period from March to October 2022 were selected. Similarly, this study has leveraged
the Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) Global
Digital Elevation Model (GDEM), accessible via the GEE platform. ASTER GDEM, a
high-resolution global digital elevation model, represents a collaborative development
between the Japan Aerospace Exploration Agency (JAXA) and the National Aeronautics
and Space Administration (NASA) of the United States. ESA also supplied land cover
classification maps for the study area in 2022 with a spatial resolution of 10 m. Figure 2
displays the Sentinel-2A images used in this research, including digital elevation maps,
land cover classification maps, false-color images, and images presenting combinations of
three vegetation indices.
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All data usage and the entire process flow are depicted in Figure 4. This illustration
provides a comprehensive overview of the methodologies, data handling, and procedural
steps involved in the study.

NDVI =
b8− b4
b8 + b4

(1)

NDWI =
b3− b8
b3 + b8

(2)

NDMI =
b8− b11
b8 + b11

(3)

In the formulas, b3, b4, b8, and b11 (b11, though originally at a spatial resolution of
20 m, has been resampled to a 10 m resolution) correspond to the bands with approximate
central wavelengths of 560, 665, 842, and 1610 nanometers, representing the green, red,
near-infrared, and shortwave infrared bands, respectively. In this study, the mean values of
vegetation indices for all pixels within the sample plots were extracted using the Geospatial
Data Abstraction Library (GDAL), a widely used open-source library for reading and
writing raster and vector geospatial data formats, in Python.
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Satellite Image Processing

In this study, the spectral plots’ size was defined as 500 m by 500 m. Given the image
resolution of 10 m from the Sentinel-2 satellite, the corresponding image size for each plot
equates to 50 by 50 pixels. To ensure an accurate alignment between the satellite imagery
and the actual surveyed plots, the research utilized ArcGIS software (version 10.8). Tools
within the Data Management Tools and Analysis Tools, specifically the Clip, Buffer, and
Minimum Bounding Geometry tools, were employed to calculate the minimum bounding
rectangle around the center point of each field plot. This procedure facilitated the precise
cropping of Sentinel-2A imagery to obtain images corresponding to each respective plot.
To prevent the machine learning models from capturing irrelevant features during training,
which could lead to model divergence or overfitting, land cover maps were used to create
labels for non-forest land types such as buildings, bare land, roads, water bodies, and others.
These labels were used to mask out the non-forest areas in the images. Figure 5 illustrates
the process of creating non-forest land label masks using land cover maps. Prominent
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features such as bodies of water, buildings, and bare ground in the imagery were masked.
In total, 120 Sentinel-2A images corresponding to surveyed plots were used in this study.
These images were randomly split into training, testing, and validation sets in an 8:1:1 ratio.
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Figure 5. The process of image mask processing can be outlined as follows: (a) shows the original
image, (b) displays the land cover map, and (c) depicts the image after masking.

2.4. Random Convolution

The process of estimating FFL necessitates the execution of linear regression on contin-
uous data values. Hence, in this study, a random convolution algorithm was effectively
harnessed to extract essential features from images. These extracted features, in turn,
were instrumental in the construction of an FFL estimation model. The employed random
convolution algorithm in this study operates under an unsupervised framework. This
algorithm facilitates the random selection of convolutional kernels from a dataset of images
for the explicit purpose of feature extraction. The inherent advantage of this algorithm
lies in its capacity to capture the intrinsic features of images more effectively compared
to predefined kernels. The acquired features are then transformed into interpretable and
quantifiable feature vectors, which subsequently serve as building blocks for shaping the
FFL estimation model. To operationalize random convolution, this study leveraged the
capabilities of PyTorch, an open-source machine learning library known for its flexibility
and efficiency in modeling and training algorithms, and capitalized on GPU (Graphics
Processing Unit) acceleration, a technology that significantly speeds up computational
processes, for enhanced computational efficiency.

We carried out feature extraction using the random convolution algorithm from a
given set of images, as depicted in the schematic diagram in Figure 6. Random convolution
is an algorithm designed to generate variable features for each image in a dataset, providing
a flexible approach to feature extraction [35]. This process starts with a collection of N
images, from which the algorithm randomly selects K patches. Subsequently, each patch
undergoes a process of matrixization and whitening, leading to the derivation of corre-
sponding convolutional kernels. These kernels are then applied to perform convolution
calculations on each image, generating K non-linear activation maps for each image. Once
these activation maps are obtained, the algorithm computes their mean-over-pixel values
to create a K-dimensional feature vector for each image. For each plot, the correspond-
ing K-dimensional feature vector derived from the satellite imagery, along with the FFL
measurements, will be inputted into the machine learning model as independent and
dependent variables, respectively.
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Figure 6. The provided schematic diagram illustrates the process of feature extraction performed by
the random convolution algorithm from a given set of images.

In summary, convolution identifies and extracts specific textures, colors, and patterns
from images, quantifying and normalizing these features. There may exist a certain cor-
relation between the processed features and the FFL. The approach of machine learning
involves leveraging this correlation between features and FFL to establish a model that
uses these features to predict FFL.

The kernel size in the convolution process is a crucial variable that directly affects
feature extraction. Choosing an appropriate kernel size can effectively enhance the accuracy
of FFL estimation. Therefore, we conducted tests on four different kernel sizes with four
different models, and utilized R2 as the primary metric to evaluate how kernel size affects
model performance.

2.5. Machine Learning Model

We employed four regression models to estimate FFL in this study: Random Forest
(RF), Support Vector Machine (SVM), Ridge Regression (Ridge), and Lasso Regression
(Lasso). Machine learning has found extensive application in wildfire science and manage-
ment [36]. Among these models, RF and SVM are common choices for wildfire management.
RF is an ensemble learning method known for its exceptional performance in handling
large-scale data and high-dimensional features. SVM, when adapted as SVR (Support
Vector Regression), is effective for high-dimensional data. This approach is particularly
suited to our context where the dependent variable is continuous, allowing us to leverage
the algorithm’s capabilities for regression rather than classification. Ridge Regression
incorporates L2 regularization to address multicollinearity, offering better solutions to
overfitting issues. Lasso Regression, on the other hand, employs L1 regularization for
feature selection and parameter shrinkage.

2.5.1. Model Parameter Setting

In our research’s early stages, we tested the influence of parameter selection on four
models. On our dataset, the default parameters seemed to be the best choice, but adjusting
some parameters might still enhance the models’ potential performance. The RF model
was implemented using the RandomForestRegressor from the scikit-learn library. To tune
the RF model, ‘n_estimators’ and ‘random_state’ parameters were set. ‘n_estimators’,
the number of decision trees, controls model complexity; ‘random_state’ is a seed for
controlling sampling randomness, ensuring experimental reproducibility. ‘n_estimators’
was used with the default value of 500, and ‘random_state’ was set to 200. The SVM model
was implemented using LinearSVR from the scikit-learn library, setting its kernel function
to linear, with other parameters at default. Ridge and Lasso models were implemented
using scikit-learn’s Lasso and Ridge, respectively. The ‘alpha’ parameter, representing the
strength of the regularization term, affects the model’s fitting capability. ‘Alpha’ was set to
the default value of 0.1.
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It is important to emphasize that all code snippets mentioned adhere to the Python
programming language and rely on the scikit-learn library to facilitate machine learning
operations.

2.5.2. Model Performance Metrics

In order to conduct a comprehensive evaluation of the RF, SVM, Ridge, and Lasso
models, this study adopted a set of performance metrics aimed at assessing the accuracy of
these models. The chosen metrics encompass the following: 1. Root Mean Absolute Error
(RMAE) (4); 2. Root Mean Square Error (RMSE) (5); 3. Coefficient of Determination (R2) (6);
and 4. Correlation Coefficient (R) (7).

RMAE = (1/n)×∑|yi − pi| (4)

RMSE =

√√√√ n

∑
i=1

(yi − pi)
2

n
(5)

R2 = 1− ∑n
i=1 (yi − pi)

2

∑n
i=1 (yi − pi)

2 (6)

R =
∑n

i=1 (pi − pi)(yi − yi)√
∑n

i=1 (pi − pi)
2∑n

i=1 (yi − pi)
2

(7)

In the provided formulas, yi represents the true value, yi represents the mean of
the true values, pi represents the predicted value, and pi represents the mean of the
predicted values.

3. Results
3.1. Field Data Analysis

The boxplot analysis reveals that the distribution of FFL across the study plots ranges
from 0.55 to 106.75 tons per hectare (t·hm−2), with an average of 13.5 t·hm−2. The individual
points depicted as circles in Figure 7b represent the outliers, which are predominantly
situated above 38.7 t·hm−2, indicating specific plots where the FFL is unusually high. The
distribution of the plot data exhibits a right-skewed tendency, where the sample mean is
lower than the median, and the median is lower than the mode. This indicates a prevalence
of plots with lower fuel loads. These observations are detailed in Figure 7a. Consequently,
it can be inferred that the majority of FFL are concentrated within the range of 3.52 to
16.01 t·hm−2, as demonstrated in Figure 7b.
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3.2. Vegetation Index Model

In this study, matrices for the NDVI, NDWI, and NDMI were computed. The mean
values of these matrices were then inputted into the training process for the machine
learning models. The accuracy of four different linear regression models in estimating FFL
using these three distinct vegetation indices is presented in Tables 1–3.

Table 1. FFL prediction accuracy under NDVI.

Model RMSE RMAE R R2

RF 14.13 9.4 0.532 0.272
SVM 12.13 6.97 0.41 0.01
Ridge 8.5 6.59 0.51 0.144
Lasso 9.73 7.93 0.453 0.026

Table 2. FFL prediction accuracy under NDWI.

Model RMSE RMAE R R2

RF 15.69 9.16 0.67 0.427
SVM 12.14 6.97 0.406 0.01
Ridge 11.01 7.55 0.601 0.129
Lasso 9.79 8.01 0.464 0.013

Table 3. FFL prediction accuracy under NDMI.

Model RMSE RMAE R R2

RF 8.31 7.14 0.624 0.386
SVM 12.16 6.92 0.454 0.01
Ridge 8.66 11.03 0.605 0.128
Lasso 9.61 7.17 0.07 0.003

From the predicted results, it is evident that only RF exhibited reasonable predictive
performance when using vegetation indices for FFL estimation. Among them, NDWI
performed the best, with an R2 of 0.427 and an R of 0.67. NDMI followed closely, with
an R2 of 0.386 and an R of 0.624. NDVI, on the other hand, performed the worst among
the three vegetation indices. The superior performance of the NDWI in this study can be
attributed to the correlation between the water content of the forest canopy’s leaves and
the accumulation of ground-level combustible materials. A higher water content in the
upper vegetation’s leaves may influence light penetration and microclimatic conditions,
thereby indirectly affecting the growth of ground-level vegetation and the accumulation of
combustible materials. Conversely, the NDVI exhibited the least effectiveness among the
three vegetation indices. This suggests that NDVI may not have a significant correlation
with the accumulation of lower-layer combustibles. NDVI primarily indicates vegetation
health and density, which might not directly relate to the quantity or condition of fine fuel
materials accumulated on the forest floor. Therefore, it seems that NDVI appears to be
less suited for FFL estimation. Consequently, we opted for RF using the NDWI index to
generate the FFL map.
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3.3. Machine Learning Models
3.3.1. Feature Vector Selection

In this study, we aimed to investigate the impact of convolution kernel size on FFL
estimation. Consequently, we employed four different kernel sizes, namely 2 pixels, 4 pixels,
8 pixels, and 16 pixels, to extract feature vectors.

The analysis shows that most feature vectors have correlations with FFL below 0.3,
regardless of the kernel size. True-color images have the fewest high-correlation feature
vectors, while false-color images show the highest number of feature vectors with corre-
lations above 0.5 at 4- and 8-pixel kernel sizes. For the B8432 composite image, the most
significant correlations are found at kernel sizes of 4, 8, and 16 pixels. Considering both the
magnitude and quantity of correlations, false-color and B8432 composite images may yield
higher accuracy in FFL estimation. To improve precision and speed in model predictions,
feature vectors with correlations below 0.3 will be excluded from training, focusing only on
those exceeding 0.3. The correlation details between feature vectors and FFL for different
kernel sizes are provided in Tables 4–6.

Table 4. The correlation between the feature vectors extracted using different convolution kernel
sizes under the B8432 image.

Range of
Correlation Values

Convolution Kernel Size (Pixel)

2 4 8 16

0.5–0.6 6 36 32 59
0.4~0.5 19 951 700 558
0.3~0.4 1267 856 981 794
0.2~0.3 1265 806 864 866
0~0.2 5603 5544 5616 5916

Table 5. The correlation between the feature vectors extracted using different convolution kernel
sizes under the true-color images.

Range of
Correlation Values

Convolution Kernel Size (Pixel)

2 4 8 16

0.5–0.6 0 0 1 11
0.4~0.5 1 660 771 588
0.3~0.4 186 1137 1112 998
0.2~0.3 2207 874 786 796
0~0.2 5786 5522 5523 5800

Table 6. The correlation between the feature vectors extracted using different convolution kernel
sizes under the false-color images.

Range of
Correlation Values

Convolution Kernel Size (Pixel)

2 4 8 16

0.5~0.6 4 77 48 9
0.4~0.5 204 1027 718 535
0.3~0.4 1416 896 988 998
0.2~0.3 1095 717 851 874
0~0.2 5448 5476 5588 5777
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3.3.2. Impact of Convolutional Kernel Size on Model Accuracy

The influence of convolution kernel size on model accuracy is evident in this study,
with Tables 7–9 presenting the detailed results of these effects. With a kernel size of two
pixels, the accuracy of the estimation results was generally lower. Under this kernel size,
the Lasso model performed the best, achieving its highest estimation accuracy on the B843
imagery with an R2 of 0.613, as shown in Table 9. When the kernel size was increased to
four pixels, the RF model achieved the highest estimation accuracy on the B8432 composite
imagery, with an R2 of 0.656, as seen in Table 7. With a kernel size of 16 pixels, Lasso
obtained results on the B432 imagery, as indicated in Table 8, however, it was the RF
model with a two-pixel convolution that achieved the highest R2 value of 0.515. This study
suggests that smaller kernel sizes (two pixels and four pixels) may be more advantageous
for extracting features relevant to FFL. However, as the kernel size increased to 8 pixels or
more, the predictive performance of all four models generally began to decline, with the
exception of the Lasso model under the B432 imagery, where its performance improved
with increasing kernel size, as shown in Table 8.

Table 7. Coefficient of determination (R2) for Predictions of different models using different convolu-
tional kernel sizes on B8432 images.

Models
Convolution Kernel Size (Pixels)

2 4 8 16

RF 0.326 0.656 0.626 0.167
SVM 0.284 0.323 0.386 −0.165
Ridge 0.332 0.275 0.03 0.06
Lasso 0.352 0.257 0.47 0.42

Table 8. Coefficient of determination (R2) for predictions of different models using different convolu-
tional kernel sizes on true-color images.

Models
Convolution Kernel Size (Pixels)

2 4 8 16

RF 0.515 0.458 0.453 0.034
SVM 0.191 0.342 0.283 0.161
Ridge 0.219 0.247 −1.196 −0.692
Lasso 0.24 0.385 0.335 0.45

Table 9. Coefficient of determination (R2) for predictions of different models using different convolu-
tional kernel sizes on false-color images.

Models
Convolution Kernel Size (Pixels)

2 4 8 16

RF 0.402 0.513 0.386 0.155
SVM 0.361 0.555 0.106 −0.36
Ridge 0.322 0.252 0.329 −1.05
Lasso 0.613 0.364 0.329 0.182

The information encapsulated in Tables 7–9 casts a light on the outcomes yielded by
various models when subjected to diverse convolutional kernel sizes. The assessment of
these outcomes, grounded in the R2 metric, underscores the following insights: Amongst
the true-color images, the RF model emerges as the optimal performer in predicting FFL
with a kernel size of four pixels.
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In our study, the Lasso model showed superior performance in predicting FFL for
false-color images with a two-pixel kernel size. Generally, an increase in kernel size led
to decreased predictive performance across most models, except for Lasso in true-color
images, where larger kernels improved performance. The RF model excelled with B8432
imagery using four- and eight-pixel kernels, as evidenced by lower RMSE and RMAE
values, indicating higher accuracy. Overall, most models achieved their best predictive
results with kernel sizes of two or four pixels.

3.3.3. Estimation of FFL and Model Selection

For the B8432 imagery, the Random Forest (RF) model exhibited its best performance
with a convolution kernel size of four pixels. Similarly, for the B843 imagery, the RF model
achieved optimal performance with a kernel size of four pixels. In the case of the B432
imagery, the Lasso model performed best with a kernel size of 16 pixels.

This study found that RF and Lasso are the most suitable models for FFL estimation,
with RF excelling in both true-color and false-color images, achieving R2 values of 0.453
and 0.602, respectively. Lasso performs better on the false-color image, showing an im-
provement of 0.228 in R2 compared to the true-color image. Ridge and SVM, however,
displayed lower R2 values, indicating they may be less suitable for this task. Considering
combined model performance measures such as RMSE, RMAE, R, and R2, RF is optimal for
true-color images and B8432 images, while Lasso is best for false-color images. The best FFL
estimation results and corresponding kernel sizes for the four models on B8432, true-color,
and false-color images are detailed in Table 10 and Figure 8, Table 11 and Figure 9, and
Table 12 and Figure 10, respectively.

Table 10. Best predictive accuracy results of different models on B8432 images.

Models RMSE (t/hm2) RMAE (t/hm2) R R2

RF 5.847 4.938 0.836 0.656
SVM 10.785 9.06 0.69 0.386
Ridge 9.74 7.44 0.59 0.332
Lasso 11.17 7.756 0.688 0.47

Table 11. Best predictive accuracy results of different models on true-color images.

Models RMSE (t/hm2) RMAE (t/hm2) R R2

RF 7.79 6.518 0.89 0.39
SVM 12.95 10.80 0.585 0.342
Ridge 14.14 18.75 0.533 0.247
Lasso 9.76 7.36 0.686 0.438

Table 12. Best predictive accuracy results of different models on false-color images.

Models RMSE (t/hm2) RMAE (t/hm2) R R2

RF 6.78 5.13 0.894 0.537
SVM 18.66 14.88 0.781 0.355
Ridge 7.87 6.79 0.779 0.322
Lasso 6.21 4.72 0.823 0.612
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the best result using the Lasso model.

3.3.4. FFL Map

Based on the performance metrics, this study has chosen RF as the prediction model
for FFL using the B8432 image, Lasso as the prediction model for true-color and false-color
images, and NDWI for predicting and generating the FFL map for the study area.

The generated FFL maps are showcased in Figure 11, where a red box highlights a
detailed segment of the FFL map. In Figure 11, the two red boxes mark distinct terrain
features in the study area. The first red box represents a higher-altitude mountainous region
with dense forest coverage, where FFL values are elevated. The second red box indicates
a lower-altitude area at the interface between forests and human settlements, where FFL
values are influenced by human activities. The FFL results using the B8432 combination
show differences in FFL distribution across the two regions, as seen in Figure 11d. In the
high-altitude area marked by the first red box, the B8432 bands may capture more features
associated with higher fuel loads due to lush vegetation. In the second red box, the impact
of human activities suggests that FFL estimation should account for discontinuities in fuel
distribution caused by farming or construction activities. In terms of overall numerical
predictions, the FFL estimate from the B8432 combination is higher than that from the true-
color image, which, in turn, is higher than that from the false-color image. Regarding visual
interpretation, the FFL map predicted using NDWI appears somewhat chaotic. While it
may contain erroneous results in comparison to the other FFL maps, its general predictions
align with the others. It is clear that higher FFL values are primarily found in forested
areas within the study region. Specifically, these higher FFL values are more prevalent
in the eastern part of the study area, which is characterized by mid-to-high altitudes and
a denser forest cover. Conversely, lower FFL values are observed mainly in the central
and southern regions, where the landscape comprises more buildings and farmlands. This
pattern suggests a strong correlation between FFL distribution and both elevation and land
cover, with forested and higher altitude areas in the east showing greater FFL.
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Figure 11. FFL maps created using different images. (a) Represents DEM image, (b) represents
FFL established using true-color imagery, (c) represents FFL established using false-color imagery,
(d) represents FFL established using the B8432 combination, (e) represents FFL established using
NDWI imagery, and (f) represents the land cover map.
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4. Discussion
4.1. Estimation Accuracy of Machine Learning Model Based on Random Convolution

In this study, feature vectors were obtained from remote sensing images using random
convolution to establish models for estimating FFL. Through performance evaluation,
RF demonstrated the best predictive performance on the B8432 image, with an RMSE of
5.847 t/ha and an R2 of 0.656. The superior performance of RF model in our study can be
attributed to several factors. First, its ability to handle high-dimensional data is particularly
crucial for the complex features extracted from satellite imagery. Second, the ensemble
learning characteristic of RF is adept at capturing complex and non-linear relationships
within the data. Finally, the use of multiple decision trees in RF contributes to its robustness
against outliers and noise, making it highly effective for analyzing for predicting FFL based
on diverse and intricate datasets. Subsequently, the optimal models corresponding to the
four images were used to predict and create FFL maps for the study area with a spatial
resolution of 500 m. Although many studies have focused on the canopy fuels of forests,
ground-level fuels present a unique challenge due to their relative inaccessibility to direct
detection via remote sensing technologies. This attribute renders research on ground-level
fuels less prevalent and more complex. In our study, we specifically concentrated on
enhancing the quantification capabilities for these challenging-to-predict ground fuels. Our
results indicate that the combination of random convolution with remote sensing imagery
and machine learning can effectively predict Forest FFL on a larger scale. This approach
offers a promising outlook for research in this field, demonstrating the potential of advanced
remote sensing and analytical techniques in overcoming the challenges associated with
ground-level fuel quantification in forested areas. Despite the indirect nature of remote
sensing data, these techniques can still yield accurate FFL predictions by capturing key
indicators of fuel presence and conditions, such as vegetation density, moisture content,
and other environmental factors that influence fuel accumulation.

The findings of this study align harmoniously with the investigations conducted by
Labenski [37]. In their work, they embarked on modeling and mapping surface fuels
in mixed forests, employing the amalgamation of airborne LiDAR and Sentinel-2 data.
Notably, their simulation outcomes exhibited R2 values ranging from 0.55 to 0.64 for shrub
fuels’ load estimation and from 0.27 to 0.41 for fine dead fuels’ load estimation. By way
of comparison, the current study attained a heightened level of accuracy in FFL estima-
tion, conceivably attributable to the inherent strengths and potential of the feature vectors
extracted through the process of random convolution. These feature vectors manifest
an innate affinity for capturing intricate linear relationships between specific environ-
mental variables and forest fuel characteristics, thus conferring an advantage. Similarly,
Arellano-Perez [38] harnessed Sentinel-2 data and harnessed machine learning techniques
for estimating surface fuel loads within pine forests situated in northwestern Spain. Their
predictive R2 values spanned the spectrum from 0.02 to 0.12. This limited range could
potentially be attributed to the relatively modest correlations observed between remote
sensing variables and fuel loads. In stark contrast, the application of random convolution
in this study yielded an ample array of feature vectors drawn from Sentinel-2 images,
ultimately unlocking a greater reservoir of latent image features. The resultant effect was
a discernible enhancement in performance, a testament to the capacity of the adopted
methodology. Specifically, the convolution filtering technique employed in this study
significantly improved the FFL estimation by effectively utilizing canopy reflectance data.
This approach provides an indirect yet more effective means of assessing surface fuel
conditions beneath the canopy. This approach potentially captures subtle variations in how
light interacts with the forest canopy and ground, which may contribute to a more accurate
estimation of the location and amount of fuel on the forest floor. The advanced processing
of these reflectance data through convolution filtering allows for a more detailed and
accurate representation of the complex interaction between forest canopy characteristics
and the underlying fuel conditions.



Remote Sens. 2023, 15, 5721 19 of 23

4.2. The Importance of FFL Map

Effectively managing and controlling the size and intensity of forest wildfires within
the wildland–urban interface presents a significant challenge in the study area. In the realm
of fire management, an emphasis on prevention, rather than post-fire rescue operations, is
deemed crucial [39]. Once fine fuel is ignited, surface fires can easily spread to the canopy,
leading to more active crown fires, which result in wildfires that are much more difficult
to control. The transition from surface to crown fires represents a significant escalation
in fire behavior, intensity, and potential for destruction. During the prevention phase,
the precise mapping of forest FFL assumes pivotal importance, aiding in the formulation
of regulations aimed at curtailing fuel accumulation [40] and mitigating the heightened
fire risk attributed to fuel buildup [41]. Additionally, these data are crucial during fire
suppression activities, particularly when a fire is detected in areas with heavy surface
fuels, as they are vital for strategizing firefighting efforts and ensuring firefighter safety.
It is worth noting that fine fuel holds the distinction of being the most easily ignitable
type of forest fuel [42], playing a crucial role as the carrier for fire propagation [43]. Past
research studies have endeavored to delineate forest fuel types or estimate fuel loads
through diverse methodologies, encompassing radar, remote sensing, and biophysical
models [19,44–47]. However, previous approaches faced limitations in scope, time, and
resource demands. This study represents a significant advancement, as it harnesses the
overhead 2D perspective of Sentinel-2 to gain enhanced information on forest surface
fuels. The breakthrough in FFL estimation was achieved by applying a convolutional
filtering method to specific image subsets, demonstrating the effectiveness of integrating
remote sensing imagery with machine learning techniques in the context of our study area.
This study heralds a significant advancement in fire management strategies by providing
credible decision support information through the mapped FFL. This approach enables
more targeted and effective fire management activities by offering precise data on forest
fuel distribution and potential fire risks.

4.3. The Impact of Convolution Kernel Size on Model Accuracy

In this study, which evaluated RF, SVM, Ridge, and Lasso models, it was observed
that the RF and Lasso models exhibited better performance. The test results indicate that
the RF model is better suited for building FFL models using the B8432 band combination
and true-color imagery. In contrast, the Lasso model is found to be more appropriate for
building FFL models exclusively using false-color band combinations. Although differences
between different models led to variations in predictive accuracy, the size and number
of convolution kernels extracted during the random convolution process may have a
more significant impact on the predictive accuracy of the models. This study selected four
different sizes of convolution kernels (2× 2 pixels, 4× 4 pixels, 8× 8 pixels, 16 × 16 pixels),
with a fixed number of 8192 kernels for each size. Not all feature vectors extracted by
these convolution kernels need to be input into the machine learning models. This study
aimed to investigate the convolution kernel-related parameters that are suitable for FFL
models by controlling the kernel size and the number of input feature vectors. The results
of this research suggest that when the convolution kernel size is set to two pixels or four
pixels, the predictive results come close to the optimal level. While the image features of
fine combustible materials are extracted more effectively with smaller convolution kernels,
it is important to note that these are indirect measures. The images primarily capture
overstory tree canopy conditions, which are correlated with surface fuel conditions in this
system, rather than directly measuring the fine combustible materials. In contrast, larger
convolution kernels did not yield as favorable results in the feature extraction process.



Remote Sens. 2023, 15, 5721 20 of 23

4.4. FFL Mapping and Wildfire Risk Management Strategies

In the study area, human settlements and zones of human activity, which can poten-
tially initiate wildfires, are closely adjacent to forest boundaries. While these activities
heavily rely on the various values of the mountainous ecosystem, they also pose an in-
creased risk of wildfires, particularly in terms of ignition sources. Local rituals like burning
offerings and setting off fireworks contribute to this risk. In mid-to-low-altitude areas,
exemplified by the second red box in Figure 11, where human activity is common and
the overlap between urban and forested areas is considerable, it is crucial to implement
strategies such as educating the local populace about fire prevention and rigorously control-
ling anthropogenic ignition sources. This includes restricting the burning of crop residues
and other open flames to reduce the accumulation of FFL, which might be the most cost-
effective strategy. Meanwhile, in the high-altitude regions indicated by the first red box
in Figure 11, it is imperative to focus on ecological management practices such as sustain-
ing natural firebreaks and removing combustible materials like dead branches and fallen
leaves, particularly during periods susceptible to wildfires. These strategies are integral for
mitigating fire hazards and managing wildfire risks effectively. These activities are crucial
to effectively manage and reduce the risk of wildfires. The key areas for fire prevention,
as indicated by the FFL maps, are predominantly located in the mid-to-high elevations of
the eastern region, where prioritizing fuel hazard mitigation activities, such as establishing
fuel breaks [48], is essential. Regular updates of FFL maps and ground validation are neces-
sary in both the lower and higher altitude areas to ensure the accuracy and effectiveness
of the management strategies. By prioritizing fire prevention in areas with high human
activity and adjusting strategies according to the specific risks and challenges of different
altitudes, a more effective and efficient wildfire management system can be developed [49].
This approach provides a targeted response to the distinctive challenges presented by the
proximity of urban areas to forest regions, contributing to a comprehensive strategy for fire
management and prevention.

4.5. Limitations

Despite the reliable performance of random convolution combined with machine
learning in FFL estimation, this study has certain limitations that should be acknowledged.
Firstly, FFL is a dynamic variable influenced by season and climate conditions. This study
sampled FFL during the vegetation growth season and utilized synthetic Sentinel-2A
imagery corresponding to that period. It is important to note that the spectral features
captured by Sentinel-2A primarily reflect the overstory tree canopy conditions, which serve
as indirect indicators of the understory surface fuels. These features, while not directly
measuring the ground-level fuels, provide insights into the fuel accumulation patterns
based on the overstory’s light and volume scattering characteristics. Non-vegetation growth
season FFL was not considered in this research. Secondly, another limitation of this study
is the lack of predictions at smaller scales. Smaller prediction scales imply smaller image
sizes, making it more challenging for random convolution to extract effective features from
the images. Studies at smaller scales may require higher image resolution (this study used
Sentinel-2A with a 10 m resolution). Another limitation of this study is the lack of utilization
of imagery from other spatial scales, including both larger-scale imagery such as that from
the Landsat series of satellites and smaller-scale imagery like QuickBird. While larger-scale
imagery may lack detail, and smaller-scale imagery might contain more noise and shadows,
the use of multi-scale imagery could enhance the potential of this technique, increasing
the possibilities for predicting surface combustibles more accurately. Moreover, although
the focus of this study is on surface combustibles, the extracted feature values can also be
applied to estimate other related variables, such as canopy combustibles, forest biomass,
and specifically vegetation conditions important to estimating fire behavior, including
aboveground biomass, canopy bulk density, and base height. The spatial resolution of
both Sentinel-2A imagery and the FFL maps in this study is relatively low, which may
limit decision making at smaller spatial scales. Future research should consider using
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higher-spatial-resolution imagery, such as Planetscope on the SuperDove platform with
a 3 m pixel size and eight spectral bands [50], to create more precise FFL maps. This
enhancement could enable more detailed decisions in mountain forest fire management,
providing additional insights into the amount and distribution of FFL, especially important
for cities and urban centers in managing fire prevention and mitigation.

5. Conclusions

This study employed Sentinel-2A imagery and leveraged the combination of random
convolution and machine learning techniques to estimate FFL in the subtropical monsoon
climate region of the study area, characterized by mixed broadleaf vegetation. The research
involved extracting features from Sentinel-2A images of the study area using a random
convolution algorithm. Various machine learning models, including RF, SVM, Lasso, and
Ridge, were employed to establish FFL estimation models. This study found that smaller
convolution kernel sizes were advantageous for constructing accurate FFL models. The
optimal model was determined based on performance metrics, resulting in the creation of
an FFL map for the study area. The results underscore the significant potential of employing
Sentinel-2A imagery coupled with random convolution and machine learning as a viable
alternative to extensive ground surveys for large-scale FFL estimation. The method of
random convolution is adept at extracting a broader range of latent, quantifiable features
from images. We believe that this approach can be instrumental in aiding other image-
based analyses of different types of fuels or ecosystems. By leveraging the capabilities
of random convolution, researchers can uncover intricate patterns and characteristics
within ecological and fuel data that might not be evident through traditional analysis
methods. This can lead to more comprehensive and accurate assessments in various
ecological research and management applications. Concurrently, updated and reliable fuel
maps should be utilized in conjunction with climatic data, topographic information, and
details of important assets in the surrounding areas. Additionally, these fuel maps could
serve as valuable data inputs for fire behavior models, providing crucial information for
predicting and managing fire dynamics. This approach aids managers and decision-makers
in formulating effective strategies for mountainous forest fire management and prevention,
contributing to help target fuel mitigation activities. Given the proximity of urban areas
to forests in the study region, regulating and guiding the behavior of residents might
be a more effective strategy for fire prevention. Fire prevention strategies should place
heightened emphasis on controlling human-made fire sources, particularly those related to
ritual activities. This approach is crucial in areas where human activities interface closely
with forested environments. However, it is important to acknowledge the limitations of this
study. Future research should focus on enhancing the methods and approaches developed
here, particularly in terms of utilizing additional remote sensing imagery for more accurate
FFL prediction. Building on the findings of this study, further investigations could explore
other dimensions and parameters that might influence FFL while staying within the scope
of the current research.
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