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Abstract: Wildfires have significant ecological, social, and economic impacts, release large
amounts of pollutants, and pose a threat to human health. Although deep learning models
outperform traditional methods in predicting wildfires, their accuracy drops to about 90%
when using remotely sensed data. To effectively monitor and predict fires, this project
aims to develop deep learning models capable of processing multivariate remotely sensed
global data in real time. This project innovatively uses SimpleGAN, SparseGAN, and
CGAN combined with sliding windows for data augmentation. Among these, CGAN
demonstrates superior performance. Additionally, for the prediction classification task,
U-Net, ConvLSTM, and Attention ConvLSTM are explored, achieving accuracies of 94.53%,
95.85%, and 93.40%, respectively, with ConvLSTM showing the best performance. The
study focuses on a region in the Republic of the Congo, where predictions were made
and compared with future data. The results showed significant overlap, highlighting
the model’s effectiveness. Furthermore, the functionality developed in this study can
be extended to medical imaging and other applications involving high-precision remote-
sensing images.

Keywords: wildfire; deep learning; remote sensing; multivariate data; generative
adversarial network

1. Introduction

Forest fires not only cause sustainability concerns by destroying vast areas of trees,
plants, and wildlife, but they also endanger the safety of forest inhabitants and delay social
and economic progress [1-4]. Furthermore, they can have long-term implications for soil
quality, water supplies, and ecological stability if allowed unregulated for extended periods
of time. In addition, wildfires are significant contributors to air pollution, releasing large
quantities of carbon dioxide (CO,) along with other harmful pollutants such as black carbon,
volatile organic compounds (VOCs), and nitrogen oxides (NOx) [5-7]. These emissions
increase global warming and contribute to poor air quality, which is linked to severe health
issues, including respiratory diseases, cardiovascular problems, increased mortality rates,
and so on. For example, according to reports from the World Health Organisation (WHO),
exposure to smoke from wildfires increases the risk of heart disease, stroke, and chronic
respiratory problems [8-10]. Early detection is crucial due to the swift propagation and
devastating capacity of wildfires. Studies have shown that to effectively prevent a fire from
spreading uncontrollably, it must be detected within six minutes, a benchmark set by the
National Fire Danger Rating System (NFDRS) [11-13]. This stresses the urgent need for an
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efficient and reliable classification network that can identify fires early and as previously
stated, reduce the disastrous effects of fires on the environment and public health [14].

According to the results of an exploration of the literature, western US wildfires were
the topic of 15% of research publications, despite only accounting for 0.5% of the global
area burnt [15,16]. In contrast, research on wildfire-prone Siberia and Africa is scarce. This
may be due to the lack of adequate financial support, the difficulty of collecting suitable
data, and the employment of traditional methods of fire detection and monitoring, such as
human-based observation. This is because human-based observation has low efficiency
and practicality, low fire localizing accuracy, and long detection delay [14,17,18]. Also, this
system cannot be used for other purposes, unlike other detection systems, which can be re-
programmed for other applications. On the upside, human-based observation is low in cost
as well as low in faulty alarm repetition. However, recent advancements in deep-learning
techniques for fire detection and monitoring offer a more flexible process and accurate data
than traditional methods. For example, UAV-based detection and transfer learning with
improved Faster RCNN has achieved 93.7% accuracy [19-21], while segmentation methods
like SqueezeNet on images have achieved 94.2% accuracy [22-24]. For satellite image
detection and segmentation, YOLOv5S and MobileNetV3 achieved 90.5% accuracy [25-27],
and DCNN image segmentation and classification have shown the highest accuracy of
99.9% [28-30]. Forest fire detection has improved, with CNN-based image processing
methods reaching 96% accuracy [31,32].

Based on the techniques mentioned above, this study discovered that as deep learning
methods are merged with several disciplines, the growing number of linked works in the
remote sensing and wildfire domains has brought attention to their significance. These
deep learning models have proven to be feasible in real-world applications in addition
to exhibiting improved accuracy. However, this study also revealed several issues that
still need to be resolved in this field. To start, the unbalanced nature of the study area
has resulted in wildfires in the Africa region, which have hampered regional growth
and claimed lives. Second, while remotely sensed data have received minimal attention,
the majority of research data are image-based. This could be because data from remote
sensing typically spans several bands and includes intricate and extensive information.
This means that not only is it more data-intensive and computationally demanding, but it
is also more challenging to interpret. Thirdly, and perhaps most concerningly, there has
not been much research conducted to date, despite the significant current demand for fire
prediction and monitoring models that can react to real-time remotely sensed data. This
might be because, aside from certain government agencies that have access to data and
computational resources, research teams typically struggle with the rigorous criteria for
modeling and pre-processing data sets. It is fascinating to observe how these issues are
attempted to be resolved, and solutions are greatly needed.

The goal of this work is to utilize real-time remotely sensed data through advanced,
yet appropriate, pre-processing techniques integrated with deep learning-based models,
building on existing research. The dataset taken into account for this research is from the
Republic of the Congo because this country is facing the highest incidence of wildfires
among all countries globally, with very little research in this direction to try to address
the research imbalance mentioned above. This research has selected models like U-Net
and CNN that are appropriate for processing time series for prediction and classification
in a short time. This is necessary due to the difficult task of pre-processing real-time
remote sensing data and the requirement of generating complements for missing data in
conjunction with Generative Adversarial Network (GAN) models [33,34]. The objective is
to create and evaluate a technical path for wildfire forecasting that uses remotely sensed
data with a low overhead cost and a respectable level of accuracy in an attempt to address
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the previously mentioned processing deficiency problem for processing remotely sensed
data. The goal of this research is to experiment with novel application solutions that may
be investigated and further integrated in the future.

2. Materials and Methods
2.1. Study Area

To address the previously noted research disparity, this study chose a region situated
in the central region of the Democratic Republic of the Congo, encompassing the Kasai and
Sankuru provinces. It ranges from the tropical rainforest of the north to a more densely
populated agricultural savannah area in the south. The study area in totality encompasses
about 72,000 km? of diverse topography and ecosystems within the tropical climate zone.
It has a dry season from May to September and a wet season from October to April.
Biogeographically, this part of the region is rich, and in its northern part, which forms part
of the Congo Basin, there are the world’s second-largest tropical rainforests, which play
an important role in global carbon storage. In recent years, for the northern area, logging
activity has increased in these forested areas, thereby leading to habitat fragmentation
and environmental degradation; for the southern area, the landscape has changed into
savannah and secondary forests, where human activities are more intense. These include
smallholder agriculture, animal husbandry, deforestation, and land clearing, hence creating
an environment highly prone to fire outbreaks [35-37].

The region experiences recurring wildfires, particularly in the southern area, due
to significant agricultural activities. Wildfires typically arise in the arid season and are
mostly a result of slash-and-burn agricultural methods. Approximately 70% of the total
area burned worldwide each year is attributed to Sub-Saharan Africa, with the Democratic
Republic of the Congo being one of the most severely impacted areas. As depicted in
Figure A1, although the African continent has one of the highest wildfire rates worldwide,
it still lacks an efficient fire management system. Hence, the incorporation of this region as
a study area is highly logical, benefiting both the environment and human welfare.

2.2. Data Source
2.2.1. VIIRS Fire Dataset

The fire monitoring data were taken in this work using a merged dataset from NASA
(National Aeronautics and Space Administration) LANCE SNPP VIIRS C2 [38] and NASA
LANCE NOAA-20 VIIRS C2 [39], as shown in Table 1. These two datasets provide global
coverage and have continuous temporal coverage starting from 3 September 2023 to the
present, with daily updates. These data and images are being collected in near real-time
with a latency of only 3 h, minimizing detection delay. Moreover, the dataset sources have
fine spatial resolution and improved mapping, especially for larger fire perimeters. The
VIIRS (Visible Infrared Imaging Radiometer Suite) sensor is a critical instrument onboard
both the Suomi National Polar-orbiting Partnership (SNPP) and NOAA-20 satellites that
helps to determine fire intensity on the Earth’s surface by detecting hotspots and thermal
anomalies and measuring Bright-ti4 (brightness temperature), allowing for the assessment
of fire intensity. VIIRS is designed to provide comprehensive data for various environmental
applications, leveraging its advanced capabilities in capturing visible, near-infrared, and
shortwave infrared spectral radiances. This suite consists of 22 spectral bands, which
range from 0.41 to 12.5 um, allowing for detailed observations of the Earth’s surface and
atmosphere, including land, ocean, and atmospheric phenomena. The dataset also includes
a confidence metric linked to the number of fire detections, which helps to quantify the
reliability of these detections. Additionally, the diurnal band is used to investigate the
differences between daytime and nighttime fire occurrences, providing insights into diurnal
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fire dynamics. This globally integrated, high-frequency, all-weather dataset is used to detect
fire events in the study area and analyze their spatial distribution, offering essential support
for real-time fire risk assessments.

Table 1. Overview of satellite datasets.

Sentinel-2 SR

Dataset NOAA-20 VIIRS C2 SNPP VIIRS C2 Sentinel-1 GRD .
Harmonized
Provider NASA NASA European Space European Space
Agency (ESA) Agency (ESA)
Resolution 375 m 375 m 10m 10 to 60 m
Area Global Global Global Global
, From 8 October 2023 From 3 September From 3 October 2014 ~ From 28 March 2017
Time
to present 2023 to present to present to present
Update Daily Daily Daily Daily
Bright-ti4: 250-400 K,  Bright-ti4: 250400 K,
brightness . brightness . VV, VH: 10 m, dB B4, BS: 10 m, NIR,
temperature of fire temperature of fire range —50to 1, VV
. . . . . 835.1 nm (52A)/833
pixels; Confidence: pixels; Confidence: (single
Band Info. . . . 9, nm (52B); SCL: 20 m,
0-2 (low, nominal, 0-2 (low, nominal, co-polarization), VH Scene Classification
high); DayNight: high); DayNight: (dual-band

1 = Daytime fire,
0 = Nighttime fire

1 = Daytime fire,
0 = Nighttime fire

cross-polarization)

Map, values 1-11

2.2.2. Sentinel-1 Dataset

Sentinel-1 SAR data [40] is a global near-real-time dataset that helps monitor changes
on the Earth’s surface with great precision. It uses C-band radar, which means it can keep an
eye on things and run continuously in any weather or light conditions, penetrating through
clouds, vegetation, and harsh weather. For this study, we used VV and VH polarization
data from the Sentinel-1 system.

These dual-polarization readings were especially useful in telling different types of
surfaces apart and spotting changes in terrain. Our research looked at how the surface
changed before and after fires, with a particular focus on how land and vegetation were
affected. By measuring the spans in both the VV and VH bands, we were able to derive
some key insights into the impact of fires on surface structures, which helped us better
understand wildfire behavior.

2.2.3. Sentinel-2 Dataset

Sentinel-2 multispectral data [41] provides a great resource for assessing the effects
of fires on vegetation. This dataset includes high-resolution red and near-infrared bands,
which capture how vegetation reflects light. By calculating the NDVI, we can analyze
vegetation health both before and after fire events to show the recovery of the vegetation
after a fire event. Additionally, the Scene Classification Layer offers detailed information on
various terrain types, which supports more comprehensive landscape analysis. These data
enable daily monitoring of wildfire impacts on vegetation and provide valuable insights
into ecosystem recovery. This is owing to the capability of Sentinel-2 imagery to map the
burnt areas and assess severity. Furthermore, this information can be utilized for predictive
modeling of future conditions.

2.3. Tools and Platform

This research uses Google Earth Engine (GEE) to facilitate the retrieval of geospatial
data. This study has access to a wide range of public datasets and real-time information
using a cloud-based platform. The primary purpose of the tool is to gather and display
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extensive remote sensing data. In addition, ArcGIS was utilized to visualize TIFF files and
produce maps. These tools have the capability to verify the accuracy of the data prior to
conducting further analysis.

2.4. Wildfire Python Package

The Wildfire Python software package developed in this study greatly simplifies the
computational notebook environment through automated data processing and wildfire
prediction model integration. Everything from data pre-processing to data augmentation
to the final predictive model is encapsulated in the package. Firstly, the package facilitates
extensive processing and analysis of remotely sensed data and contains functions such
as pre-processing in multispectral bands, fire score calculation, total power of synthetic
aperture radar (SAR) data, and normalized vegetation index (NDVI) calculation. Secondly,
the package is designed with a modular framework that supports a variety of deep learning
frameworks, using GANS with TensorFlow to enhance data features and PyTorch for
predictive modeling. This approach leverages the strengths of both platforms to optimize
performance. TensorBoard is integrated into each module to enhance the user experience
by providing powerful visualizations and efficient model tracking capabilities to easily
monitor the training process and evaluate metrics.

For improved accessibility and easy integration into various projects, the package
has been compiled into Wheel files (WHL) that can be directly installed and deployed.
This feature makes it applicable not only to this study but also to other projects involving
similar remote sensing data processing needs, highlighting its versatility and compatibility.
The effectiveness and efficiency of the package have been demonstrated in this study;,
showing significant improvements in model performance and workflow optimization.
Comprehensive documentation and example scripts are available on GitHub, allowing the
research community to readily adapt and further develop the package.

2.5. Phase 1: Data Processing
2.5.1. Remote Sensing Data Band Processing

In this study, SNPP VIIRS and NOAA-20 VIIRS data were integrated to synthesize
daily imagery and calculate fire scores (FS) using brightness temperatures (Bright-ti4, BT),
confidence levels, and diurnal indicators (DayNight, DN). Confidence (C) was converted to
a weighted scale (0.5, 1, 1.5) to reflect the level of certainty of detection, while DayNight was
adjusted to take into account how the diurnal occurrence of fires affects human emergency
response, e.g., for nighttime fires, the need to arrange for more attention during the night,
which can often be easily overlooked. Taken together, these operations form a new layer
dedicated to fire scoring in Equation (1).

FS=BT x (0.5 x C+0.5) x (2 x DN — 1) (1)

where Bright-ti4 is the brightness temperature in band 4, confidence is the confidence level,
and DayNight indicates whether the observation was taken during the day (1) or night (0).

The second aspect of band processing involves Sentinel-1 GRD data, where the VV
band provides intensity information from the surface that can reflect changes in the surface
such as vegetation loss and soil exposure due to fire. The VH band, on the other hand, is
sensitive to changes in vegetation structure and can reflect changes in vegetation height
and density. Combining these two bands, according to the processing of the official GEE
SAR data, this study calculates the total power image, which can be seen in Equation (2).
This calculation is essential for assessing surface characteristics such as roughness and
moisture. As these data are spliced from daily data sets with different locations at multiple
time points, and there are days where there are no data in the study area, this study adopts
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the use of the composite data as the underlying data and replaces the data where they are
available to avoid the impact of missing values on the predictions.

Span =VV2 + VH2 (2)

where VV represents the vertical-vertical polarization and VH represents the vertical-
horizontal polarization.

For the Sentinel-2 SR Harmonized data, the SCL bands were extracted for scene
classification, which has vegetation, saturated or defective areas, etc., which are important
for prediction. In addition, the Normalized Vegetation Index (NDVI) was calculated using
the red (B4) and near-infrared (B8) bands, the formula for which can be seen in Equation (3).
This index is essential for monitoring vegetation health and assessing fire impacts. Again,
to address data gaps and lack of coverage, we used the median of multi-day imagery to
ensure consistency and accuracy of daily data. This integrated approach combines fire
data with radar and multispectral imagery to form a new four-band dataset that clusters
remotely sensed multi-source datasets and greatly improves the plausibility and accuracy
of wildfire predictions.

NDVI = (B8 — B4)/(B8 + B4) 3

where B8 represents the near-infrared band and B4 represents the red band.

2.5.2. Data Augmentation with GANs and Sliding Windows

The study found significant data deficiencies in the June and July fire data, as shown
by the VIIRS bands. These gaps further complicated the processing of an already limited
dataset. An important obstacle we faced was the requirement to forecast data for the
month of August, which introduced an extra layer of complexity to the predictive modeling
process. Upon analyzing meteorological data for the study area in 2024, a substantial
alteration was seen in the climate compared to previous years. Nevertheless, August
reverted to more customary circumstances [42]. In order to tackle this problem, the study
utilized data from the months of November, December, January, and February, as the
climatic and fire circumstances during these months closely resembled those of June and
July. Subsequently, GANs were utilized to produce supplementary data for the months
that were not available. The specific methodology is illustrated in Figure 1.

Furthermore, the study employed a sliding window data augmentation technique.
This technique employs a sequence of seven photos, with each batch consisting of one
set of photographs. The images are then moved backward one at a time, with each step
being one unit. The sliding window’s length was selected according to the requirement
of forecasting fire data for the subsequent seven days. The selection of this strategy was
based on the potential risk of losing crucial geographic details, which could have occurred
if typical techniques like image rotation or cropping were employed.

Initially, the study starts by using a simple GAN model to create initial fire images.
This model is made up of two parts: a generator and a discriminator. The generator takes
random inputs from the latent space and turns them into images by passing them through
several dense layers: a LeakyReLU activation layer, and a tanh layer at the end. The
discriminator then checks these images to see if they are real or if they were created by the
generator using a similar dense layer setup. This basic GAN setup helps to understand
how GANs work and was used for the early image generation experiments in this study.

Based on the preliminary findings of SimpleGAN, this research showed that the out-
comes of this model are not conducive to sparse data images such as fire. Consequently,
SparseGAN was subsequently enhanced and refined. SparseGAN builds on the Sim-
pleGAN framework by incorporating a sparsity loss function. This addition allows the
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algorithm to produce sparser images that are better suited for specific image processing
tasks, particularly in handling high-precision remote sensing data. The generator and
discriminator architectures in SparseGAN are more complex and include the sparsity loss
function, which helps to produce clearer and more recognizable images by eliminating
unnecessary pixel activations. This reduces noise, enhances image quality, and makes the
model more capable of handling difficult datasets.

Data for 2023-09-03 Data for 2023-09-07 Data for 2023-09-15 Data for 2023-09-16 Data for 2023-09-20

100 ¢ { 400

200 1 1 200

300 1 ! N

400 | -200

5001 | -400

600 |

0 100 200 300 400 500 600 700 0 100 200 300 400 500 600700 0 100 200 300 400 500 600 700 0 100 200 300 400 500 600 700 0 100 200 300 400 500 600 700
Y
Improved by adding Sparsity Improved by adding Conditional Input
------------------------ { S e A o s e b r gt l r---_------------:---——--{------------------------—|
SparseGAN i SimpleGAN  ——— FireZoneCGAN ;

Generator Discriminator

Flatten

Generated Image—m! | Generated Image-m —»

|__Generated Image

Output (Image)
+Sparsity Loss

Output (Fire Image)

=1

E@ Original dataset ° EE_l_' Genrator dataset I:> Completed datasets

Figure 1. The structure of the Gans model and the technical route to improvement.

After analyzing the efforts made by SparseGAN, this study discovered that the intro-
duction of sparse matrices resulted in some level of noise. As a result, FireZoneCGAN was
implemented as an alternative approach. This model is a specialized adaptation of CGAN
(conditional generative adversarial network) that produces images related to fire detection
and analysis by taking certain inputs, such as the number of fire zones, into considera-
tion [43,44]. It is extremely suitable for the process of generating realistic fire scenarios and
enables more accurate fire predictions by simulating intricate surroundings and specific
conditional controls. The generator utilizes input potential noise and condition labels to
produce an image using a specified layer after embedding. The role of the discriminator is
to assess these photographs and ascertain their authenticity. The FireZoneCGAN technique
enhances the model’s resilience to effectively mitigate a specific level of noise and improve
the accuracy of fire data in scenarios characterized by limited patterns and sparse data [45].

2.6. Phase 2: Prediction Models
2.6.1. U-Net

In this study, the U-Net model is firstly used to process fire image data, especially
to solve the time series problem with its high accuracy. U-Net is an encoder—decoder
structured network that is widely used in image segmentation tasks and contains multiple
convolutional blocks for performing downsampling and upsampling operations. This
symmetric encoder—decoder architecture facilitates the precise detection of fire boundaries,
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which is crucial information for accurate fire detection and monitoring. In other words, the
U-Net model provides real-time processing of remote sensing data. Its image segmentation
capability and multi-scale feature extraction structure make it well-suited for processing
real-time image data, making it highly suitable for this research.

Throughout the model training process, the model processes the data independently
at each time step, and the predictions correspond to the length of the time series. The
output of each time step is generated using a specific convolutional layer and upsampling
strategy, and the total model structure. The application order of this method, as well as
the number of channels used, are shown in Figure 2. By monitoring the training process,
optimizing parameter tuning, and performing analysis using TensorBoard, the performance
and applicability of the model were significantly improved.

193232 64 32321

Input feature
paiches = m = | ™™

B4 B4 128 64 6

-4

[ 1
> ———
[

128 128 256 128

1 &
-
B
&

= Conv 3x3, Activ = ReLU
= Comnv 1x1, Activ = Sigmoid
ke 4 —= Copy
o Lk peomd =2

¥ Transposed conv 2x2

Figure 2. Employing U-Net for pixel-wise fire segmentation in images [46].

2.6.2. ConvLSTM

Apart from using U-Net in this study, a model of ConvLSTM is used to process fire
image data associated with time series. These models combine CNN with LSTM and are
empowered to effectively exploit the temporal processing power of a traditional LSTM
combined with the spatial feature extraction power of a convolutional network, as shown
in Figure A2. The ConvLSTM model would be very suitable to capture spatiotemporal
dynamics in fire data, thereby making it ideal for managing such a complex dataset.

The extensive benefits of ConvLSTM in fire monitoring are that it can adapt well to
dynamically changing environments and give highly accurate fire spread predictions. It is
also likely to enable precision location (with the conditions of fire changes and in a very
timely way) of fire-affected areas with high-resolution, remotely sensed data by processing
both temporal and spatial information together. It will process each frame of the time series
in sequence, thus continuous output will be generated from the model. In this way, a good
foundation can be laid for later analyses and predictions of fire behavior.

In a nutshell, the ConvLSTM model improves the efficiency and accuracy of the
treatment of fire image data and brings new methods and ways to handle complex spatio-
temporal data with a deep learning architecture. The qualities mentioned make the ConvL-
STM model an important component in this project, providing science and effectiveness for
fire monitoring and management.



Fire 2025, 8,19

9of 17

2.6.3. Attention ConvLSTM

Another innovative model was the Attention ConvLSTM model (model architecture
shown in Figure A3), which combined the traditional network of ConvLSTM with a novel
temporal attention mechanism that greatly enhanced its ability for dynamic analysis of
environmental changes. Based on the effective ConvLSTM model, this innovative model
provided the possibility of dynamically changing the attention of Attention ConvLSTM
to different points in time by incorporating the mechanism of temporal attention, thereby
optimizing the information flow and enhancing sensitivity to critical moments. With
the attention mechanism integrated, it provides more accurate, sensitive recognition and
prediction of fires against changes with time series, and strong support is possible for
response to disasters in a timely manner and effective resource allocation. Moreover, this
model, with its multi-layer structure and layer-by-layer information transfer design, further
enhances the ability to capture subtle changes in high-resolution remote sensing data. These
achievements not only demonstrate the strong potential of deep learning in spatiotemporal
data analytics but also bring about a new, effective tool for fire monitoring and other related
fields [47,48].

2.7. Phase 3: Train and Validation

The study employed FocalLoss to address the class imbalance, with the parameters
« =1.0 and 7 = 2.0. These values are optimal for reducing the dominance of well-classified
examples and ensuring a focus on harder-to-classify instances, as discussed in Lin et al. [15].
The training was conducted with an adaptive learning rate of 0.0001, which was dynami-
cally adjusted during training to avoid overfitting and improve convergence. Batch sizes of
16 and 8 were used based on the memory requirements of the models and the high dimen-
sionality of the input data, similar to configurations suggested by Goodfellow et al. [49] for
efficient training in high-dimensional feature spaces.

The study utilized a phased approach with 10-epoch cycles, repeated multiple times,
to allow for intermediate validation and assessment without overwhelming computational
resources. This phased approach aligns with best practice for model monitoring and
debugging, as outlined by Zhang et al. [50], ensuring convergence while avoiding model
degradation through overtraining.

During validation, regression accuracy was calculated by scaling outputs to the orig-
inal data’s range and assessing whether predictions fell within a tolerance level of 0.1,
effectively evaluating the localized precision of predictions. This tolerance approach has
been employed effectively in similar tasks involving geospatial predictions, as noted by
Ban et al. [31], where localized error metrics are essential for high-precision applications
like fire monitoring.

For benchmarking, parameters for baseline models, such as U-Net and ConvLSTM,
were matched closely to ensure fairness. U-Net’s encoder-decoder architecture leveraged
multi-scale feature extraction for segmentation, aligning with Ronneberger et al. [51], while
ConvLSTM adopted a temporal-spatial structure to effectively handle sequential data, as
per Shi et al. [52].

3. Results
3.1. GANs

This study intensively trained and evaluated three different Generative Adversarial
Network (GAN) models, namely SimpleGAN, SparseGAN, and CGAN, to assess their
effectiveness in generating images of fire. The results in terms of images generated and
loss plots are presented in Figure 3. These training processes have been adapted based
on the optimal findings of related work that trained and used these models. 290 epochs
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for SimpleGAN while 150 epochs for SparseGAN and CGAN have been implemented
during model training due to sparsity constraints, conditional inputs, and remote sensing
imagery necessitating different epochs for different GANs to achieve stable and realistic
outputs [53-55].

SimpleGAN - Generated Image on 2024-06-30

SimpleGAN Training Loss at Epoch 290

—— Discriminator Loss
70 Generator Loss

Loss
Intensity

-0.02

SparseGAN Training - Epoch 149 SparseGAN - Generated Image on 2024-07-04

— Discriminator Loss
Generator Loss

Loss.

Intensity

Epoch

CGAN Training - Epoch 149 CGAN - Generated Image on 2024-06-24

—— Disciminator Loss
Generator Loss

Loss.
8

Intensity

e

0 0 40 60 80 100 120
Epoch

Figure 3. Loss plots and results of the GANSs.

The training process of the SimpleGAN model exhibited significant fluctuations in loss
value, highlighting the common challenges associated with GAN training stability. The plot
features a few extreme loss values, which indicate instability despite some areas in the plot
that showed a decrease in loss value. After 290 training epochs or complete passes through
the training dataset, the image generated by SimpleGAN displayed some fire features
that were concentrated in a few high-intensity regions. These attributes, however, lacked
sufficient sparsity and adequate coverage of the actual areas affected by the fires. This
outcome underscores the necessity of incorporating sparse matrices into the SimpleGAN
model to enhance the processing of high-precision remote sensing data.

In contrast, SparseGAN demonstrated more stable loss values compared to Simple-
GAN, indicating better control during training. After 150 epochs, SparseGAN was able to
generate images with considerable consistency in the background, though it still struggled
to accurately capture the complex features of fire, as many noise points persisted in the
images. To improve this, we integrated conditional control within SparseGAN, allowing
for more precise adjustments to the captured fire features and overall image quality.
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Lastly, CGAN exhibited effective learning capabilities but experienced sharp spikes
in loss values during certain periods depicted in Figure 3, primarily impacting the per-
formance of the discriminator. This behavior suggests intense competition between the
generator and discriminator. After 150 epochs, CGAN significantly improved the clarity
and sparsity of fire points in its generated images, resulting in a cleaner background devoid
of fire elements. This enhancement makes CGAN particularly valuable for fire monitoring
applications. Given its superior performance and potential for generating practical and
accurate images for fire monitoring, CGAN is positioned as the focal model for further
research and application in this study, with the goal of refining image generation techniques
to better support fire monitoring efforts.

3.2. Deep Learning Models

In the training of all three models, the value of Focal loss drops steadily while accuracy
constantly rises, thus proving the models’ efficacy and the final result shown in Table 2. For
instance, the U-Net model was trained with a two percentage point decrease in loss that
was followed by a corresponding two percentage point increase in stability and accuracy.
However, due to the paucity of fire data, the reduction of loss did not increase along
with accuracy; it was just a slow, progressive improvement. The prediction of fire events
occurring during the next seven days (4 August to 11 August 2024), as shown in Figure 4,
stated that while U-Net can predict the occurrence of fires, the generated images are not
found to be particularly clear and sparse. There is still background noise present, but
the relatively high concentration of fire points suggests that in some areas, the model’s
performance is much more effective.

Table 2. Comparison of model performance.

Model Accuracy (%) Focal Loss
U-Net 94.53 0.0059
ConvLSTM 95.85 0.0010

Cumulative Predicted Fire over 7 days

Unet_

ConvLSTM =,
—

100 200 300 400

AttentionConvLSTM;

100 200 300 400

Figure 4. Prediction result of three models.
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When compared with the accuracy of other deep learning models, the results of this
study surpass the accuracy of other models such as the RCNN at 93.7% [19-21], SqueezeNet
at 94.2% [22-24], and YOLOV5S and MobileNetV3 at 90.5% [25-27]. Moreover, the accuracy
data is also on a par with the performance of CNN-based image processing methods at 96%
accuracy [31,32] and just behind DCNN image segmentation and classification at 99.9%
accuracy [28-30].

In terms of accuracy and best results in the reduction of loss, the ConvLSTM model
presented this, and its training process also showed reliability in Figure 5. The clarity
and sparsity of the generated fire images, along with the model, represented very close
characteristics of the actual fire event distributions. Finally, Attention ConvLSTM, which
builds above ConvLSTM, is slightly suboptimal in its accuracy but promising, especially
with hard temporal data.

D 0 Pre - No3 Day 0 Actual - No3 Day . Pre - No2 Day . Actual - No2 Day D
0 0 0 0
A 10 100 100 100 A
15 150 150 150
Y 200 § 200 20 200 Y
250 250 0 250
1 300 300 00 300 2
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400 400 0 400
0 100 200 00 400
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50
Al w A
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3| . 4
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400 -
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D . Pre - NoS Day 0 Actual - NoS5 Day . Pre - No6 Day y Actual - No6 Day D
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350 330 350 350
400 200 200 00
DAY 7
. Pre - No7 Day " Actual - No7 Day
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300 300
350 350
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0 100 200 300 400 0 100 200 300 400

Figure 5. The training process of the ConvLSTM model shows reliability.
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4. Discussion and Conclusions

This study determined that the novel application of sliding windows for data augmen-
tation significantly enhanced model accuracy in the context of real-time remote sensing
data processing and fire area prediction. Moreover, CGANs exhibited superior performance
in managing sparse data, which is prevalent in fire prediction. This finding indicates that
GAN data generation should be task-specific rather than solely emphasizing diverse met-
rics and the rivalry between the generator and the discriminator. In all predictive models,
ConvLSTM has shown enhanced performance regarding time efficiency and outcomes,
underscoring its efficacy in managing fire prediction time series data. This underscores the
model’s efficacy in addressing the sparsity issue with fire data. Furthermore, U-Net and
Attention ConvLSTM attained significant accuracy, illustrating their efficacy in processing
high-resolution remotely sensed data and time series data. The study, which focuses on the
Congo region, also underscored the need to choose a suitable study area with adequate
validation data. The initial usage of Landsat data significantly compromised the prediction
outcomes due to substantial cloud occlusion; thus, data selection and processing are crucial
components of deep learning and picture segmentation tasks. The introduction of novel
methodologies and building on existing research strategies and data led to improvement in
the accuracy of deep learning models, as demonstrated by the analysis of current research
trends. This study was able to yield data accuracy significantly greater than existing studies
and has the potential to compete with the accuracy that DCNN image segmentation and
classification offers at 99.9%. The key element of integrating deep learning with remote
sensing data is the understanding and pre-processing of the extensive volume of remote
sensing data, signifying a pioneering effort in this field.

However, there were several limitations of the study related to model biases, dataset
constraints, temporal and spatial applicability, and synthetic data augmentation. The
first limitation is that the ConvLSTM and Attention ConvLSTM models may be prone to
overfitting specific features of the dataset and study area despite their high accuracy [49,50].
As for the reliance on the VIIRS and Sentinel datasets, they are limited in terms of data
gaps and cloud cover interference, albeit these limitations are common in satellite-based
fire monitoring [56,57]. Moreover, there may be inaccuracies in the use of GAN-based
augmentation techniques to address data sparsity. With regards to the region selected
for the study, the model may not perform as effectively in regions with different seasonal
patterns or fire dynamics as in the Republic of the Congo, with its distinct dry and wet
seasons. Addressing these limitations in future studies by incorporating diverse datasets,
additional geographic regions, and enhanced data validation techniques could improve
model robustness and broaden the applicability to wildfire prediction and monitoring.
Nevertheless, the model can be perpetually refined by integrating supplementary training
data via this technical process as part of future initiatives. This will facilitate the model’s
training for forecasting future fires. The entire procedure can be finalized within one
day and can predict regions susceptible to fire hotspots for the following seven days.
Furthermore, after the reliable model is stored, real-time forecasts can be generated. The
developed framework, function packages, and models, being advanced wireless sensor
networks, are not limited to this specific application only. They may also be extended to
include further forms of high-precision remote sensing data processing, high-resolution
image processing, and various transdisciplinary applications, such as in processing medical
data and images. This facilitates a wider array of interdisciplinary applications. Lastly,
an important future direction to further the findings of this study is in the integration of
real-life data for the verification of the model’s effectiveness and feasibility of the processing
method employed.
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Appendix A

Figure A1l. Global VIIRS fire visualization.
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Figure A2. Structure of the customized ConvLSTM model plotted with PlotNeuralNet.
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Figure A3. Structure of the customized Attention ConvLSTM model plotted with PlotNeuralNet.
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