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Wildfire Detection Powered by Involutional Neural
Network and Multitask Learning With Dark
Channel Prior Technique

Md. Fahim-Ul-Islam
Mahdieh Shirmohammadi, Nasim Khonsari

Abstract—Wildfires are crucial to the ecosystem health, yet wild-
fires also pose a grave threat to human lives and the environment.
Early detection remains challenging, especially in remote areas.
Satellite data and autonomous aerial vehicles (AAVs) have become
crucial tools for detecting and monitoring wildfires. Achieving
proper identification is demanding due to the intricacy of wild-
fires, which are impacted by various environmental factors. Recent
advances in remote sensing data analysis, especially the use of
machine learning models, demonstrate captivating potential. Ap-
plying machine learning in remote sensing data analysis, this study
examines state-of-the-art wildfire identification strategies based
on the modified involutional neural network (Inv-Net). Inv-Net
is used for wildfire segmentation and classification that enhances
the U-Net architecture by incorporating the involutional neural
network (INN) as its backbone. The INN layers dynamically per-
form kernel alterations, allowing for more efficient extraction of
features and improved capture of spatial correlations. By utilizing
the concept of multitask learning, Inv-Net achieves an accuracy
of 98.1% in the classification task and exhibits a noteworthy In-
tersection over Union score of 97.6% in the segmentation task,
notably when used for wildfire image analysis. To improve wild-
fire detection accuracy and resilience, Inv-Net uses the synergies
between classification and segmentation. Furthermore, the dark
channel prior (DCP) technique is used to address atmospheric
disturbances such as haze and fog in static images. DCP reduces
optical interference by estimating depth maps and transmission
maps. The results highlight the importance of the DCP method,
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which achieves an excellent structural similarity index measure of
0.7831 and peak-signal-to-noise ratioof 17.4321, indicating greater
image dehazing methods. In comprehensive trials and comparisons,
we demonstrate the robustness of our approach in identifying and
mapping wildfires in challenging conditions.

Index Terms—Classification, dark channel prior, Inv-Net,
involutional neural network, multitask learning, segmentation,
wildfire.

1. INTRODUCTION

the Earth’s ecosystem, but they also present substantial
dangers to both the environment and human populations [1],
[2], [3], [4]. Although wildfires promote vegetation growth and
recycle nutrients in forests, they can also cause destruction. On a
global scale, they contribute to global warming and pose a threat
to ecosystems, infrastructure, and human life. The magnitude of
the destruction is apparent in the astounding data, such as the
National Interagency Fire Center’s claim of more than 67000
wildfires occurring each year in the United States alone, resulting
in the consumption of extensive areas of land [5]. Between 2013
and 2022, the United States had an average of 61410 wildfires
per year, impacting around 7.2 million acres annually [5]. Since
1983, the National Interagency Fire Center has recorded an an-
nual average of approximately 70000 in wildfires in the United
States. Over the past 20 years, California has experienced an
average of 317 wildfires per year. In the last decade, there has
been a global increase in the occurrence and severity of wildfires.
That poses a threat to both human and animal lives, causing
harm to ecosystems, and disturbing social equilibrium [6], [7].
There has been a worrisome pattern of more frequent and larger
wildfires in California over the past two decades compared to
the previous eight decades (1920-1999) [8]. As of June 1, 2023,
there have been around 18300 wildfires this year, which have
destroyed over 511000 acres of land [9]. These figures high-
light the ongoing danger and increasing seriousness of wildfires
around the globe, requiring proactive actions for prevention,
mitigation, and management. As shown in Fig. 1, the number of
hectares burning has increased at an alarming rate for the past
20 years [10], [11]. Besides, in Canada, wildfires are the main
stand-replacing disruption regime in the boreal forests [12].
Early identification of wildfires poses various challenges,
especially in far-off areas where clear vision and site monitoring
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Fig. 1.  Wildfire Burns Over the Years from 2000-2024 [9], [10], [11].

are challenging due to various environmental factors. To deal
with this problem, remote sensing has emerged as a promi-
nent approach for detecting wildfires, utilizing satellite data to
speedily ascertain and monitor wildfires [3], [13], [14], [15].
In addition, autonomous aerial vehicles (AAVs), commonly
known as drones, have become a growing significance due to
their capacity to collect and transmit up-to-date information and
visuals [16]. This provides a supportive resource for detecting
and managing wildfires, alongside classic methodologies. These
technologies are essential for improving the efficiency and ef-
fectiveness of wildfire response activities, allowing for faster
intervention and mitigation methods to protect lives, property,
and natural ecosystems [1], [17].

Wildfires are sophisticated natural occurrences that incor-
porate multiple dependent variables, such as weather condi-
tions, land features, soil wetness, fuel composition, and the
exact qualities and whereabouts of the ignition source [1], [18].
Furthermore, wildfires are distinguished by their ever-changing
nature and can emerge across many spatial and temporal dimen-
sions [19]. Therefore, the correct identification and separation of
wildfires using standard remote sensing methods is frequently
problematic due to the necessity of modeling intricate functional
linkages among multiple data points. Cloud cover and smoke,
which are produced during the burning process, also hamper the
capacity to detect fires from space [20]. Accurate categorization
and division of wildfires are vital for analyzing the advancement
of a wildfire, ascertaining its effect on neighboring regions, and
allocating resources to manage and lessen its consequences.
These actions allow authorities to identify the order of im-
portance for evacuation zones, distribute firefighting resources
effectively, and examine the aftermath of flames, including soil
erosion and habitat loss. Fortunately, the increased availability
of remote-sensing data and the major developments in process-
ing capacity in recent years have enhanced the possibility of
applying data-centric strategies for identifying and mapping
wildfires [21].

In a study by Pecha et al. [22], wildfire identification in
the Alaska regions was tackled as a semantic segmentation
challenge using support vector machine classifiers. The authors
applied normalized transmittance spanning 152 days to represent
color information, reaching high accuracy in wildfire detection.
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A more recent study by Akbari Asanjan et al. [23] has developed
aprobabilistic wildfire segmentation strategy employing a super-
vised deep generative model from satellite photos. This approach
developed stochastic segmentation by two model streams, one
learning meaningful stochastic latent distributions and the other
generating high-quality segmentation masks. Besides, a study by
Ghali et al. [24] has employed deep vision transformers for forest
fire early detection and segmentation, enabling the prediction of
wildfire spread and supporting firefighting efforts.

The efficacy of standard computer vision approaches for
wildfire identification is greatly hampered by atmospheric dis-
turbances, such as haze, smoke, and cloud cover [25], [25],
[26], [27]. These environmental conditions result in lower image
clarity during wildfire recording, hindering the proper separation
of fire boundaries. Haze, smoke, and cloud cover provide vari-
able degrees of optical interference, hiding key characteristics
such as the fire’s leading edge, smoke plumes, and regions
of heightened thermal activity. Consequently, the existence of
these atmospheric artifacts hinders the segmentation and classi-
fication of wildfire-related pictures, leaving typical computer
vision algorithms ineffective for detecting fire-affected areas
amid background clutter.

In this research, we apply DCP approach to solve the issues
provided by haze and fog in static images. The DCP approach
requires the estimation of a depth map, known as the dark
channel, generated from ambient light. This depth map serves
to characterize the scattering of light generated by air particles,
delivering useful insights regarding the level of haze present in
the scene. In addition, we compute a transmission map, where
pixel values indicate the relationship between the seen picture
and the underlying scene features, therefore designating regions
less influenced by fog. Finally, using the ambient light and the
transmission map, the algorithm estimates the scene radiance at
each pixel.

To simplify simultaneous classification and segmentation
tasks inside dehazed wildfire images, we present our suggested
Inv-Net, constructed using a multitask learning approach. The
Inv-Net uses a modified INN as its backbone in the UNet
model, boosting its adaptability and effectiveness in tackling
complicated image-processing tasks. One key challenge lies
in developing an operation that is both location-specific and
channel-agnostic, crucial for tasks such as image classification
and segmentation. This requires a solution that captures spa-
tial information while being invariant to the specific channels
within the image. To address this challenge, we incorporate the
INN layer into the Inv-Net architecture, which produces each
kernel conditioned on specific spatial positions. This approach
enables the seamless processing of variable-resolution input ten-
sors. This addition secures the Inv-Net’s potential for handling
different input data characteristics, thus boosting its practical
usefulness in real-world scenarios. Unlike typical convolutional
layers, INN layers dynamically alter their receptive fields based
on input data properties, boosting the flexibility of feature pro-
cessing. By jointly training both tasks inside a cohesive frame-
work, Inv-Net capitalizes on the synergies between classification
and segmentation, exploiting shared feature maps to boost the
accuracy and robustness of both tasks. Through collaborative
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learning throughout the training phase, the classification and
segmentation branches repeatedly refine each other’s predic-
tions, resulting in an enhanced overall performance.

Our main contributions can be summarized as follows.

1) Our research explores smart strategy by integrating the
DCP method with wildfire data analysis. This fusion im-
proves haze removal, enabling notable clarity in visual-
izing wildfires. The DCP algorithm achieves the highest
average SSIM of 0.7831 and PSNR of 17.4321 demon-
strating superior image quality compared to the other
algorithms.

2) Inaddition, our technology, which incorporates segmenta-
tion and classification tasks into the Inv-Net architecture,
improves wildfire recognition and segmentation accuracy.
We enhance analysis for a more comprehensive under-
standing of wildfire image identification by using better
feature extraction and involutional layers in the Inv-Net
architecture. Inv-Net succeeds at both tasks, with 98.1%
classification accuracy and an impressive 97.6% loU score
in segmentation, particularly in wildfire image processing.

3) Our study represents an advancement over previous com-
puter vision techniques, permitting swifter and more
precise wildfire identification and categorization. When
benchmarked against other state-of-the-art deep learning
algorithms, our methodology regularly yields satisfactory
results, highlighting its usefulness and dependability in
wildfire burn image analysis.

The following is a summary of the upcoming sections of
this article. In Section II, we compare our findings to previ-
ous studies, emphasizing the differences and contributions of
our proposed technique. Section III describes our collection of
data approach, while Section IV defines DCP’s preprocessing
networks and provides the results gained when compared to
other techniques. Section V describes our proposed multitasking
approach, including the overall system architecture and func-
tionality. Section VI covers our experimental setup, followed by
Section VII, which discusses our model’s performance measure-
ments. In Section VIII, we examine our findings and insights to
determine the effectiveness of our models. Finally, Section IX
concludes by offering the derived results from our analysis and
identifying potential directions for future research.

II. RELATED WORK

This section focuses on recent advances in wildfire detection
using deep learning methods. We discuss various traditional
techniques employed for wildfire classification and segmenta-
tion tasks.

Kalaivani et al. [28] proposed a method that leverages trans-
fer learning from MobileNet-V2 for forest fire detection. The
Antlion Optimization (ALO) objective function is embedded
within the parametric ReLU of the CNN layer. This design aimed
to enhance accuracy and reduce error rates. The study used
Landsat satellite images from five different forest fire regions
and the custom-optimized CNN successfully detected various
forest fire images. Azami et al. [29] used the MiniVGGNet
network, which was employed for image classification. On-
ground testing demonstrates that the proposed system achieved
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an overall accuracy of 98% and an F1 score of 97% in clas-
sifying wildfire events. The LeNet and ShallowNet networks
were developed together and compared the classification re-
sults on wildfire images. Rashkovetsky et al. [30] proposed a
workflow using deep learning semantic segmentation models.
The research investigated the resources by combining data from
different satellite sources: Sentinel-1, Sentinel-2, Sentinel-3, and
MODIS. A single-input convolutional neural network (CNN)
based on the U-Net architecture is trained for each satellite
source.

Kangetal. [32] employed both random forest (RF) and (CNN)
for model development in this research. This work contributes
to forest fire detection by combining geostationary satellite
data, reducing detection latency, and exploiting CNN-based
models for accurate and timely alerts. TKhryashchev et al. [33]
presented numerical experiments for a developed deep learn-
ing algorithm: U-ResNet34 for the segmentation of images of
wildfire. The training and testing procedures were conducted
using high-resolution aerial imagery sourced from the Resurs
and Planet databases. According to test results for both datasets,
U-ResNet34 worked satisfactorily. Abdusalomov et al. [34]
introduced a modified forest fire detection model using Detec-
tron2. The model showed high accuracy in fire detection scoring
better performance. By exploiting the self-attention mechanism
in transformers, the proposed model was able to effectively de-
tect fire pixels with fewer parameters and reduced computational
complexity.

Pan et al. [35] increasingly used deep learning for dynamic
texture recognition, including wildfire detection. Inspired by
previous work, this study proposed using MobileNet-V2 for
forest fire detection. The integration of deep learning techniques
with Fourier analysis is innovative in this research. By analyzing
frequency responses, the model identified redundant or less
informative filters. Zhang et al. [36] focused on comparing
and analyzing the application of two feedforward neural net-
work models (CNNs and MLPs) in global wildfire suscepti-
bility prediction. Here, the contextual-based CNN-2D model
performed best, utilizing neighborhood information effectively.
Hongy et al. [37] proposed an addition-based efficient neural
network for forest fire detection over a traditional CNN model.
This AddNet performed 12.4% faster than CNN because AddNet
did not use expensive matrix multiplication. Substantially it is al-
most binary-weight neural networks, but AddNet got lower true
detection accuracy in this forest fire detection. Wang et al. [38]
developed an optimized wildfire image classification framework
based on Reduce-VGGnet and a wildfire region detection algo-
rithm based on the optimized CNN with the combination of
spatial and temporal features.

Jonnalagadda et al. [39] attempted to improve the detection
of wildfires in real-time using drone/AAV pictures by utilizing
a segmented neural network (SegNet) with a CNN architecture.
This involved segmenting high-resolution images, implement-
ing L2 regularization, and adopting data augmentation tech-
niques. Ghali et al. [40] introduced CT-Fire, a novel ensemble
approach that combines RegNetY with EfficientFormer v2. It
accurately identifies tiny wildfires in the presence of complicated
backgrounds and image quality limitations. Prakash et al. [41]
developed an advanced early warning system for identifying
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TABLE I
SUMMARY OF WILDFIRE DETECTION STUDIES
Ref Objective Method Results Limitations MultiTasking DCP Apply
[28] Forest fire detection Custom CNN, Val. acc: +50-55%; limited dataset with an X X
PReLU Val. loss: 0.066; imbalanced class distri-
Train acc: 100% bution
[29] Wildfire classification MiniVGGNet Acc: 98%; Fl Needs fusion with image X X
score: 97% segmentation
[32] Satellite image seg- | Semantic segmenta- | Sentinel-2 FI: 0.83; sensor bias with no adap- X X
mentation tion Combined models: tive learning method
+25% precision,
+9% detection
[34] Forest fire detection Dark channel prior, Prec: 99.4; Recall: Ineffective for similar at- X X
Detectron2 99.5; Acc: 99.4 mospheric light scenes
[35] Wildfire detection MobileNet-V2 Det. rate: 91.60%:; Comparison with non- X X
FA rate: 4.67%; open source methods
Acc: 93.36% along with image
resizing issues
[36] Global wildfire sus- | CNNs, MLPs CNN-2D :precision | Ignition data uncertainty X X
ceptibility 96.76, Recall 94.60, with no clear ground
F1 Score 95.67, Ac- truth
curacy 95.71
[37] Wildfire detection AddNet, window- Det. rate: 91.60%:; Comparison difficulties X X
based FA rate: 4.67%; with unspecified training
Acc: 93.36% settings
[38] Wildfire classification Optimized ~ CNN, Class. acc: 91.20%; Labor-intensive annota- X X
Reduce-VGGNet Region det. acc: | tion with resizing affects
97.35% accuracy
[39] Wildfire detection CNN architecture Class. acc:98.18%; Potential loss of con- X X
Recall: 98.74% textual information when
segmenting images
[40] Wildfire classification deep CNN and the Class. acc: 99.62% Computationally Expen- X X
vision transformer sive
[41] Wildfire detection Inception-v3 trans- Class. acc:97.55%; Model may not perform X X
fer learning model Recall: 96.44% well with limited or im-
balanced data
[42] Wildfire Detection MobileNet Transfer | Class. acc: 70.00% Network prediction per- X X
Learning Model formance did not notice-
ably improve changing
different parameters tun-
ing
[43] Wildfire Detection Convolutional Class. acc: 95.51% Model did not perform X X
Neural Network well on large dataset
(CNN) with
attention
mechanisms
Our Method | Wildfire Proposed  Inv-Net | Classification Overcomes the v v
Classification and Architecture acc:  98.1% and performance by
Segmentation Segmentation acc: integration of adaptive
97.6% learning approach with
different environmental
situations

forest fires by employing a deep learning technique that uti-
lizes a convolutional neural network (CNN) and transfer learn-
ing. The applied Inception-v3 model included preprocessing a
dataset of 950 fire and 950 no-fire images. James et al. [42]
examined the approach of applying the MobileNetV2 transfer
learning model for wildfire identification in satellite imagery.
They emphasized effective CNN optimization and hyperpa-
rameter adjustment for increased computational performance.
Sifat et al. [43] developed CNNs with attention mechanisms for
wildfire identification using satellite imagery, attaining 95.51%
accuracy.

Existing research on wildfires reveals a major gap in the
field of classification and segmentation algorithms. Also, some
studies lack the diverse condition analysis in their model de-
velopment process While most research focuses on discrete
activities within this domain, there is an absence of emphasis
on dynamic techniques that cater to the evolving nature of wild-
fires. In addition, many investigations miss the critical aspect
of haze removal, particularly for aerial images where haziness

in the sky can greatly hamper the accuracy of classification and
segmentation models. Table I summarizes the existing studies
and limitations. Standard computer vision systems have made
considerable progress in detecting wildfires, but they are ineffec-
tive in real-world situations where environmental circumstances
can rapidly change. Standard CNNs and simple picture segmen-
tation methods frequently encounter difficulties when dealing
with diverse spatial characteristics and atmospheric disturbances
such as haze, smoke, and cloud cover. Fixed CNN models may
demonstrate efficacy in controlled environments but lack the
adaptability required for real-time wildfire monitoring [44], [45].
Multiple studies have emphasized these constraints, pointing
out that stationary models are insufficient in handling wildfires’
ever-changing and uncertain characteristics.

The adaptive multitask learning framework is a fundamental
element of our method. By merging classification and segmen-
tation tasks into a single deep-learning model (Inv-Net), we
enable the network to learn from both tasks simultaneously. This
combined learning process allows the model to constantly alter
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hazy versions.

its predictions based on new information, continually improv-
ing its accuracy for both tasks. The shared feature maps built
during training promote higher generalization and flexibility.
Also, it makes the model more responsive to changes in wildfire
behavior involutional layers, unlike fixed convolutional filters,
actively modifying their receptive fields according to input data
attributes. This flexibility provides well under diverse settings
such as different resolutions, fire intensities, and environmental
interferences.

III. DATASET

Our study involves a two-stage approach. Initially, a prelim-
inary stage is devoted to data preprocessing, utilizing the DCP
technique. The second stage of our proposed multitask model
focuses on the categorization and segmentation of wildfire aerial
images. Fig. 12 depicts the overall process utilized in our study.

Thus, our primary focus is on the process of collecting
data. For the data collection process, for our classification and
segmentation task for our task, we introduce the fire lumi-
nosity airborne-based machine learning evaluation (FLAME)
dataset: a rigorously curated collection of aerial pictures and
videos collected via AAVs during controlled pile burn operations
within a Northern Arizona pine forest [31]. Tailored to support
breakthroughs in fire detection and management algorithms,
this dataset contains high-resolution video footage of pile burns
fully merged with associated thermal pictures, thus catching key
temperature variations. Each frame in the dataset is properly
labeled to show the presence or absence of fire, giving vital help
for algorithmic training initiatives. A total of 39 375 images have
been identified as either “Fire” or “Non-Fire” during the training
phase. In addition, 8617 images had been labeled for the test data.
A total of 2003 images were analyzed for fire segmentation. As
a result, 2003 masks were created to provide ground truth data
with pixelwise annotation. The image sizes are generated as
3840 x 2160 pixel value. Once the dataset is acquired, each
image is loaded using the OpenCV library. This procedure
guarantees that the images are available for additional analysis
and alteration. In the situation that an image is not located at the
specified path, adequate error-handling mechanisms are in place
to handle such circumstances gracefully, ensuring the smooth
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execution of the prepossessing pipeline. Afterward, from the
collected framed static data, we focus on the robustness of your
proposed model by applying the haze addition process.

A. Fog Addition

To replicate a foggy appearance in images, we utilize the ap-
proach put forward by Godard et al. [46]. This approach involves
the estimation of object depth using only one image, which
is achieved by self-supervised training. During this training,
the model acquires the ability to forecast perspective by using
another image. It utilizes the difference between two images
to generate a depth map (D). Subsequently, we employ (1) to
measure the magnitude of the error and enhance both the ultimate
image and its production procedure [46]

L, =mine(l;, Iy —t) -t (1)
P

where L, indicates the error in photometric projection and
prephotometric reconstruction, estimated using SSIM and L1
distance. SSIM and L1 distance form components of the pho-
tometric restoration error, determined from multiple research
sources [47], [48], [49]

e(Io, I) = %(1 —SSIM(L,, 1))+ (1 — )|l — ]| (2)

where v = 0.85 reflects the weight of the wall. In addition, we
use edge-aware smoothness to achieve smooth depth maps, as
represented in

Ly = [0ydyle %1 4 19, dy e 17w, 3)

Furthermore, by Godard et al. [46], we apply some ap-
proaches, including prepixel minimum re-projection, to increase
the precision of projected depth maps without increasing model
complexity. To tackle scenarios with moving objects, we present
two strategies: minimum error and automasking stationary.
Here, (4) dynamically calculates a binary mask p by taking into
account projection errors and multiscale estimation, which helps
avoid the optimization process from being stuck in local minima

= n{}ne([t,lﬂ — 1) < n}}ne (I, Iy)| 4)

After deriving depth maps from the original images and invert-
ing them, we configure the model to import the designated target
image for simulating foggy conditions. Furthermore, in Fig. 4,
the depth maps of images are shown in a 3-D construction map
for abetter understanding of the inconsistencies of the pixels. Ina
standard image without haze, the pixel values span from 0 to 255,
representing the level of clarity in the color of each pixel. Images
that have a moderate level of clarity often show noticeable
differences between bright and dark areas. In foggy images,
brighter pixel values dominate while darker values diminish due
to reduced visibility induced by the fog. In Fig. 2, an obvious
finding is the discrepancy in mean intensity values between the
ground truth image and the monocular depth-based hazy image.
This mismatch gives solid evidence of true fog existence within
the modified sample.
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. 100, 100)] with intensities ranging from 0.3 to 0.7, optionally
B. Smoke Addition with Gaussian noise. For capturing realistic smoke effects, this
combination is modified with a vertical gradient and an optional
fire mask as shown in Fig. 7 labeled as 1) light smoke, 2) Medium
Smoke, 3) Dense Smoke, 4) Colored Smoke. In differentiating

To include smoke with different spatial distributions in the
dataset, we blend a smoke-colored layer [with RGB values rang-
ing from light smoke at (200, 200, 200) to dense smoke at (100,
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(a) Input Hazzy Images (b) Ground Truth Images (c) Multi-Scale Retinex (d) CAP (e) DCP

Fig. 6. Comparative analysis of dehazing algorithms, (a) original hazy images, (b) the corresponding ground truth images, (c) multiscale Retinex images,
(d) CAP images, (e) images obtained from the DCP algorithm.

(a) (b) (c) (d)

Fig.7. Integrating smoke layers with different RGB values and intensities to create authentic smoke effects. The variations consist of (a) light smoke, (b) medium
smoke, (c) dense smoke, and (d) colored smoke.

(a) (b)

Fig. 8. Utilizing DCP for targeted preservation: (a) Original hazy images for retention; (b) Specific focus on smoke-affected regions.

between haze and smoke, we further apply the DCP approach  ensures that haze is properly removed while maintaining crucial
to estimate the atmospheric light and transmission map. We  visual characteristics like smoke and fire in Fig. 8. After apply-
then utilize the threshold mask to retain smoke and fire regions  ing the DCP dehazing process, a similar approach is used for
by applying the mask to the original image. This procedure smoke removal.
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IV. DATA PREPROCESSING USING DCP

In this study, we propose the utilization of the DCP technique
for image-defogging purposes. The DCP approach comprises
the estimation of a transmission map, which serves as a vital
component in the restoration of haze-free images. This approach
operates on the idea that local regions within hazy photos
containing low-intensity pixels throughout at least one color
channel are suggestive of haze-free locations. Leveraging this
assumption, the dark channel is generated from the hazy image,
outlining the least intensity values across all color channels
within localized image regions. Subsequently, the transmis-
sion map is obtained from the dark channel, simplifying the
elimination of haze by guiding the application of an atmospheric
scattering model. Fig. 3 displays the process of applying the DCP
method for the haze removal process. The method demonstrates
a substantial reduction in haze, hence producing perceptually
crisper representations.

A. Patch Selection

In this phase, the algorithm begins by picking a local patch
w(x) centered at each pixel  in the input low-light image I. This
patch acts as a local region of interest for further investigation.

B. Dark Channel Calculation

Once the local patch is picked, the dark channel Jyux(z)
at pixel x is computed. This is performed by determining the
minimal intensity value within the patch w(x) shown in (5).
Mathematically, it is expressed as

Jaark () = min (I(y)) Q)

yew(x)

where y iterates over all pixels in the patch w(x). This step
effectively identifies the darkest regions within the local patch,
providing valuable information about the overall darkness in the
image. Here in our DCP, we generate a function that is written to
calculate the dark channel of each image in the collection. This
function computes the minimum intensity value across all color
channels (red, green, and blue) at each pixel location, resulting
in a dark channel image that accentuates the presence of haze or
smoke in the original image.

C. Atmospheric Light Estimation

Following the calculation of the dark channel, our DCP
method proceeds to estimate the ambient light A shown in
(6). This value is vital for accurately representing the scene’s
illumination. The ambient light is determined as the pixel with
the highest intensity in the dark channel:

A = argmax (Jgark (7)) - (6)

By selecting the pixel with the highest intensity in the dark
channel, the algorithm efficiently captures the brightest spot
in the picture, which often correlates with the ambient light.
In our DCP method, the ambient light is based on the dark
channel of each image. This procedure comprises selecting the
top 0.1% brightest pixels from the dark channel and determining
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Algorithm 1: Atmospheric Light Estimation.

Input: 7: Input low-light image, D: Dark Channel Prior
Image
Output: A: Estimated Atmospheric Light
: Compute R, C' (dimensions of 7).
: Initialize M = 0.
:forr =1to R do
forc=1to C do
if D(r, ¢) is max in its neighborhood and
M < I(r,c) then
Set M = I(r,c)and A = I(r,c).
end if
end for
: end for
: return A.

Y XD

the greatest intensity value among these pixels. Algorithm 1
shows the process.

D. Transmission Map Calculation

The transmission map ¢ is computed by leveraging both the
atmospheric light channel and the dark channel shown in (7).
Here, (x) is defined as

o . . Li(p)
t(x)=1- min <p1g;21(r;) < A, )) (7

where I; represents the normalized input image divided by the
atmospheric light A;, and 2 (omega) is a constant. Essentially,
min,; (mingeox) 1i(P)/A;) denotes the dark channel of the
normalized haze image I;(p)/A;, providing an estimation of
the transmission. The transmission map provides insights into
the visibility conditions within the image and plays a critical role
in scene radiance recovery. A function is designed to estimate the
transmission map using the normalized picture and the ambient
light. This entails calculating the raw transmission based on the
dark channel of the normalized image and applying a blur to
smooth the transmission map. The omega parameter controls
the influence of the atmospheric light on the transmission map,
allowing for fine-tuning of the recovery process. Besides, Fig. 5
depicts the error map and illustrates the gap between the original
image and the image after haze reduction. Brighter sections
suggest more disparities, revealing locations where the haze
removal technique may have generated artifacts or inaccura-
cies. By comparing the error map with the original image, we
spot places needing improvement and tweak the haze removal
algorithm accordingly.

E. Transmission Map Refinement

Refining the transmission map through guided filtration, as
proposed by He et al. [50], involves using guided filtering to
enhance edges and preserve essential details. The guided filter
takes the grayscale image and the estimated transmission map as
inputs to generate a refined transmission map ¢(x). ¢t(x) repre-
sents the refined transmission map shown in (8). To minimize the
cost function, we express ¢(x) and (x) as t and £, respectively,
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TABLE II
DEHAZING ALGORITHMS PERFORMANCE COMPARISON

Algorithm Average SSIM Average PSNR | Execution Time (s)
DCP 0.7831 17.4321 0.4257
Multi-Scale Retinex 0.6412 15.4234 10.5618
CAP 0.5324 14.879 2.327
in vector form:
~\T ~
Et)=t"Lt+1(t—t) (t—t) (8)

where L is the Matting Laplacian matrix proposed by Levin, and
A is a regularization parameter.

F. Scene Radiance Estimation

Finally, using the ambient light A and the transmission map
t(x) mentioned in (9), the algorithm estimates the scene radiance
J(x) at each pixel x. This stage involves adjusting the original
pixel intensities based on the transmission map and atmospheric
light:

I(zx)— A
max (t(z),to)

J(x) = +A 9)
where g is a small constant introduced to prevent division by
zero and ensure numerical stability. By applying this equation,
the algorithm enhances the visibility and clarity of the low-light

image, revealing previously obscured details.

G. DCP Assessment and Comparison

Our experimental setting comprises the implementation of
two different models: Multi-Scale Retinex [51], and Color At-
tenuation Prior (CAP) [52] model to evaluate their efficacy with
the DCP method. Table II provides the performance charac-
teristics of three different dehazing algorithms: Dark Channel
Prior DCP, and multiscale retinex (CAP). The metrics include
the structural similarity index (SSIM) and peak signal-to-noise
ratio (PSNR), which are measures of image quality, as well as
the execution time of each algorithm. In Fig. 6, a comparative
comparison of dehazing methods presents original hazy pictures,
related ground truth, Multi-Scale Retinex enhanced images,
CAP-dehazed images, and images processed using the DCP
algorithm. From the data, it is obvious that the DCP algorithm
obtains the highest average SSIM of 0.7831 and PSNR of
17.4321, showing greater image quality compared to the other
algorithms. In addition, DCP displays the fastest execution time
among the algorithms, with an average of 0.4257 s. On the other
hand, multi-scale retinex exhibits lower SSIM and PSNR values,
implying comparably weaker dehazing performance. CAP also
shows lower SSIM and PSNR scores, where it shows with a
moderate execution time. These findings illustrate the usefulness
of the DCP method in generating both high-quality dehazing
outcomes and efficient computing performance. For assessing
the ablation performance, in Fig. 9, we analyze the sensitivity
of the omega variable in the atmospheric light estimation of the
DCP technique. Our observations reveal that at an omega value
of 0.95, the approach exhibits excellent performance, reaching
its highest effectiveness.
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Fig. 10. Impact of different smoke color intensities on the performance of
DCP model dehazing smoke haze process.

V. METHODOLOGY

In this study, we present a novel approach to wildfire segmen-
tation and classification tasks using the DCP method and our
multitasking Inv-Net model. The dehazed image data undergoes
initial processing before being sent into the Inv-Net intended for
wildfire segmentation and classification. The architecture of the
Inv-Net builds on the U-Net framework and is structured into
distinct segments: the encoding path, the classification head, the
decoding path, and the segmentation head. These components
collectively contribute to the comprehensive analysis and cate-
gorization of wildfire-related imagery. Here in Fig. 11 displays
the whole proposed workflow utilized in our study. Furthermore,
in Fig. 12 depicts our proposed Inv-Net model used in our study.

A. Encoding Path

The encoding element of the architecture employs downsam-
pling blocks incorporating INN layers, batch normalization, and
Leaky ReLU activation functions. These blocks collect high-
level features by progressively lowering the spatial dimensions
of the input feature maps while increasing their depth. INN
layers are exploited for their ability to efficiently capture global
context with fewer parameters compared to classic convolutional
layers. Each downsampling block consists of an INN layer
followed by batch normalization and leaky ReLU activation,
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Fig. 11.  Proposed workflow.

allowing the extraction of discriminative features. The output
feature maps from the encoding path are later shared with the
classification and segmentation heads for additional processing.
This hierarchical feature extraction technique enables the model
to efficiently gather and represent crucial information necessary
for wildfire categorization. The feature map count starts at 3,
doubling with each downsampling step, and is limited to 64 to
manage computational resources.

B. Classification Head

The classification head, positioned at the base layer of
the architectural framework, is defined by a convolutional
block succeeded by global average pooling, adeptly catering to

Segmentation
head

inputs of varying dimensions. Subsequent layers comprise fully
connected layers, reinforced with leaky rectified linear unit
(ReLU) activation, culminating in a softmax layer, thereby
producing evaluation probabilities relevant to fire classification.
In this classification task, the INN Layer successfully integrates
global context, consequently increasing comprehension of the
encompassing setting, a vital component for identifying diverse
levels of input images. Moreover, its parameter efficiency stands
out, since it performs global context aggregation with fewer
parameters compared to typical convolutional layers [53]. This
not only boosts the model’s performance but also mitigates the
risk of overfitting, assuring solid predictions during both the
training and testing phases.
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Fire Segmentation Task
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Fire Classification
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Illustration depicting the components of the proposed Inv-Net for the classification of wildfires and segmentation of lesions. The diagram showcases

(a) the encoding path, (b) the classification head, (c) the decoding path, and (d) the segmentation head.

C. Decoding Path

The decoding pipeline of the Inv-Net is characterized by the
utilization of upsampling blocks integrating two INN layers,
which are crucial in reinstating feature maps to their original in-
put dimensions, thereby facilitating the elucidation of low-level
data attributes. Each block is characterized by the addition of
two INN layers alongside batch normalization and leaky (ReLU
activation. Intervening between blocks, subsampling is executed
by transposed convolutions, ensuring a harmonized connection
between the encoding and decoding pathways. To sustain the
accuracy of spatial information, skip connections are applied,
whereas feature maps from encoding and decoding blocks are
combined. The upsampling blocks comprising INN layers serve
the primary goal of restoring feature maps to their original input
dimensions.

D. Segmentation Head

In the segmentation head of Inv-Net, feature mappings em-
anating from the final decoding block are processed through
two consecutive INN layers. Each of these levels is separately
designed with channel configurations of 32 and 16, respectively.
The choice of applying a 3x3 kernel size while maintaining a
stride value of 1 improves the effective capture of information
from a broader environmental context. Subsequently, batch nor-
malization is employed to normalize activations, hence, assuring
stable training circumstances. Concurrently, the employment
of Leaky ReLU activation functions brings nonlinearity into
the network, hence, facilitating effective learning processes.
Finally, a softmax layer is applied to generate a probability
distribution across classes, hence, ensuring the interpretability of

segmentation predictions and facilitating precise segmentation
outputs. The INN layer in the segmentation head is highly skilled
at capturing complex spatial connections. In addition, the INN
layer’s involvement in deep supervision improves training effi-
ciency by enabling the construction of probability maps at each
decoding block. This optimization of computational resources
is achieved through parameter efficiency [53].

E. Loss Function

We employ a dual-task (10) approach, combining classifica-
tion and segmentation components [54], [55]. For classification,
we utilize multiclass cross-entropy loss, defined as

K

Lgs = — Z Yr X 10g (ij)
k=1

(10)

where y represents ground truth labels in one-hot format for each
class k, and g, is the softmax output of the classification head
for class k.

In segmentation, we integrate cross-entropy (11) loss with
the DICE loss to handle imbalanced data scenarios. The DICE
loss [56], is defined as

LDICE:_ii 2 x SNk x mk
N N
Kk=1 Dim1 mf+Zi:1 mf—i—(S

(1)

focuses on the similarity between predicted and actual segmen-
tation maps. Here, 715 represents the softmax output of the
segmentation head for pixel i in class k, m¥ denotes the one-hot
encoded ground truth segmentation map for the same pixel, N
is the total number of pixels per image, and ¢ is a small constant.



19106

For deep supervision during segmentation training, the final
segmentation loss shown in (12) where (L) is a weighted sum
of losses from all resolution outputs of Inv-Net. Specifically, it
combines DICE loss and cross-entropy loss, denoted as Lpicg
and Lcg, respectively. Thus, the segmentation loss is

L
Leg = Z whg X Ll (12)
=1

where wéeg represents the weight for the softmax output of the
[th Inv-Net resolution, [ ranges from 1 to L, and L signifies the
total number of Inv-Net outputs.

To create a comprehensive loss function, we combine the clas-
sification and segmentation losses (13) with respective weight-
ing coefficients a5 and cieq, yielding

LiyNet = ets X Leis + Qlgeg X Lseg~ (13)

This formulation ensures both tasks are adequately repre-

sented in the training process.

F. Post Processing

After obtaining the segmentation results from the Inv-Net seg-
mentation head, the final predictions are obtained by choosing
the label with the highest probability for each pixel. Following
this, any solitary segmented pixels are deleted. Ultimately, the
process culminates with the classification of fire and the seg-
mentation of lesions.

VI. EXPERIMENTAL SETUP

The assessment of the proposed Inv-Net entails conducting
multiple experiments to evaluate its precision and robustness.
The testing encompassed ablation research, comparison with
conventional methods for classification, and segmentation tasks.
In addition, comparisons were conducted with different multi-
task techniques. The training of all networks was conducted
using the provided parameters, with the learning rate adjusted
according to the training loss curve of each network. The exper-
iments were performed using Python code on a hardware setup
comprising an Intel i7 CPU operating at a frequency range of 2—8
GHz, accompanied by 16 GB of RAM. In addition, an NVIDIA
GTX 3070 GPU with 16 GB of memory was utilized, making use
of cuDNN 10.1 libraries. The implementation was carried out
using the MONALI framework with the PyTorch library as the
backend. The statistical significance of the classification find-
ings was determined using a one-sided McNemar’s test, while
an overall accuracy comparison was conducted using a joint
2 x 2 table. For segmentation outcomes, statistical significance
is tested versus other algorithms in terms of performance metrics
using a one-sided paired #-test. The normality of the data was
tested using the D’ Agostino-Pearson test. For the multitask loss,
Qg5 and oo are set to 0.6 and 0.8, respectively, which showed
to achieve better performance. The experimental setup of all the
training parameters used in our study is shown in Table III.
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TABLE III

EXPERIMENTAL SETUP SUMMARY
Component Specification
Operating System Windows 11
CPU Intel i7 CPU
GPUs NVIDIA GTX 3070 GPU
TensorFlow Version 2.11.0
Framework PyTorch Monai
Total Training Epochs | 100
Batch Size 32
Dropout Rate 0.4
Regularization L1 and L2 kernel regularization techniques
Optimizer Adaptive Gradient Algorithm (Adagrad)
Learning Rate 0.00001

VII. PERFORMANCE METRICS

To evaluate the effectiveness of our proposed model along
with other models, we employ widely used metrics: ACC (ac-
curacy) (14), PRE (precision) (15), REC (16) (recall), F1-score
(17), and IoU (18) (Jaccard index), Flop Count, Inference time.
These metrics offer a comprehensive evaluation of model per-
formance and facilitate comparisons with other studies in the
field. All the formulas with definitions of the metrics are shown
in Table IV

TP+TN

ACC= TP+TNIFP+FN 14
TP

PRE=Tp 7P (15)
TP

REC = Tp 7N (16)

Fl-score = %}@E—;EI?CEC (17)

loU rr (18)

“TPYFP+FN’

Ablation studies are conducted to systematically evaluate the
efficacy of individual components within the proposed method,
specifically targeting optimization approaches, loss functions,
deep supervision training, batch sizes, and the number of con-
volution kernels within the Inv-Net architecture. Initially, the
dataset underwent random partitioning into training and testing
subsets, comprising 80%, 20% of the whole dataset accordingly.
Subsequently, each experiment entailed the methodical replace-
ment of a single component while maintaining consistency in
the remaining elements. The redesigned Inv-Net architecture is
then subjected to training and evaluation on the corresponding
training and testing sets. Furthermore, Inv-Net (1), Inv-Net (2),
Inv-Net (3), and Inv-Net (4) models are conducted on various
metrics for ablation studies shown in the block diagram in
Fig. 13. We improve the performance of the INN layer through
fine-tuning, utilizing larger kernels, and experimenting with
compared strides. These modifications are crucial in achieving
better outcomes. The parameters of all the modified versions of
INN layers in the Inv-Net architecture are given in Table V.
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TABLE IV

PERFORMANCE EVALUATION METRICS DEFINITIONS

the model is performing.

Metric Definition Formula

Accuracy This metric measures the proportion of correctly classified instances out of ACC = N]E’mber of Correct Predictions
. . N T otal Number of Predictions

(ACO) the total instances in the dataset. It provides an overall indication of how well

True Positives

instances in the dataset.

Precision (PRE) Meaisur.es the proportion of true positive predictions among all positive PRE = f—5ia ~ Falsc Posiives
predictions made by the model.
Recall (REC) Measures the proportion of true positive predictions among all actual positive | REC = True Positives

True Positives+False Negatives

during inference or training.

F1 Score Harmonic mean of precision and recall. F1= %‘mﬁf”
Intersection Calculates the ratio of the area of overlap between the predicted and ground ToU = %(m
over Union truth regions to the area of the union of these regions.

(IoU)

FLOP Count Represents the number of arithmetic operations performed by the model -

Inference Time

It is the amount of time it takes a machine learning model to process input -
data and make predictions. It assesses the model’s computational efficiency
throughout the inference phase.
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TABLE V
PARAMETERS OF INN LAYER MODELS

Model Channels | Kernel Size | Stride
Inv-Net (1) 8 3x3 1
Inv-Net (2) 16 5x5 2
Inv-Net (3) 32 3x3 1
Inv-Net (4) 64 77 2

A. Classification Task
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Ablation studies of Inv-Net incorporating different INN layers applying different operations (a) Inv-Net (1) with higher kernel, (b) Inv-Net, (2) with

Within the field of classification problems, comparison
analyses are presently being undertaken among important
architectures such as ResNet101 [57], EfficientNetB4 [58],
DenseNet161 [59], VGG16 [60], deep convolutional neural
network (DCNN) [61], and the encoding block which used
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TABLE VI
SUMMARY OF ABLATION STUDIES ON THE INV-NET MODEL, DETAILING THE MODIFICATIONS TO EACH KEY MODULE

ABLATION STUDIES ON THE INV-NET MODEL’S PERFORMANCE, SHOWCASING ADJUSTMENTS TO INN MODELS WITH DIFFERENT HYPERPARAMETER TUNING,

INCLUDING KERNELS, STRIDES, AND CHANNELS

Model Segmentation Classification
ACC PRE REC 1IoU | ACC PRE REC Fl-score
Dropout 0.2 96.7 965 968 96.7 | 956 96.0 96.9 95.5
SGD 96.1 957 969 960 | 978 97.6 979 97.8
Batch size=128 952 947 960 950 | 97.1 96.8 974 97.1
Involutional Layerl Freeze | 96.5 96.2 96.7 963 | 959 958 945 95.9
Involutional Layer2 Freeze | 96.8 964 96.6 96.8 | 952 949 955 95.2
Loss seg. only DICE 963 960 965 963 | 97.1 977 96.6 97.1
Loss seg. only CE 95.1 950 952 951 | 965 96.8 96.6 96.5
Proposed 982 979 975 97.1 | 979 9777 983 97.9
TABLE VII

Model Segmentation Classification

ACC PRE REC IoU | ACC PRE REC Fl-score
Inv-Net (1) | 95.1 950 952 951 | 965 96.8 96.6 96.5
Inv-Net (2) | 96.1 957 969 960 | 97.8 976 979 97.8
Inv-Net (3) | 952 947 96.0 950 | 97.1 968 974 97.1
Inv-Net (4) | 97.7 985 978 97.7 | 96.6 972 979 97.5

as INN of our Inv-Net model. Besides, we also compare our
model performance with the existing research methods for the
classification task implemented in our FLAME dataset.

B. Segmentation Task

The segmentation performance of Inv-Net is evaluated to
established segmentation models such as SegFormer [62],
FPN [63], PSPNet [64], U-Net [65], DeepLab V3 [66]. Fur-
thermore, we also compare our model with the existing studies
for the segmentation task in our FLAME dataset. However, this
implementation involves the integration of numerous state-of-
the-art models along with our Inv-Net model.

C. Multitask Learning

We experiment and asses our proposed multitask Inv-Model
evaluation against other scholar existing studies and their tech-
niques, including Jaouad et al. [67], DSI-Net [68], URepNet-
v3+SVM [69]. Each multitask framework has been trained under
our FLAME dataset and performance assessments are conducted
entirely on the authorized testing database.

VIII. RESULT AND DISCUSSION

We assess the efficacy of our proposed Inv-Net framework
by comparing it to other cutting-edge models and previous
research, utilizing defined assessment measures across different
configurations in ablation tests. We evaluate its performance
in classification, segmentation tasks, and overall multitasking
abilities.

A. Ablation Studies

Table VIillustrates an ablation study covering various models
for both segmentation and classification tasks, distinguished
by diverse setups and methodological methods. Variations in

dropout rates, optimization methodologies, batch sizes, and
layer-freezing tactics are thoroughly studied. Results reveal that
the proposed model consistently outperforms other approaches
across segmentation and classification tasks, achieving maximal
accuracy, precision, recall, and F1-score metrics. Specifically,
the model proposed attains an accuracy of 98.2% for segmen-
tation and 97.9% for classification, highlighting its efficacy.
Besides, Table VII outlines performance metrics throughout
several iterations of the Inv-Net model, spanning segmentation
and classification tasks and encompassing varied configurations
of the INN network. Noteworthy is Inv-Net (4), which no-
tably obtains the highest segmentation accuracy of 97.7% and
precision of 98.5%, indicating its ability to precisely outline
segmented regions. Conversely, in the area of classification,
Inv-Net (2) emerges as the top performer, having an accuracy of
97.8% and an F1-score of 97.8%, so demonstrating its ability to
correctly categorize data instances. In addition, Fig. 14 exhibits
accuracy curves spanning training and testing datasets, provid-
ing a detailed study of trends across 100 epochs on different
configurations of INN models.

B. Classification Task

The resulting Table VIII presents the performance metrics
of various models in a categorization task. Models including
DenseNet161, ResNet101, VGG16, DCNN, and Inv-Net were
examined. Notably, Inv-Net displays remarkable performance
across all parameters, reaching the highest accuracy of 98.1%,
precision of 99.2%, Fl-score of 98.1%, and AUC of 99.6%.
DenseNet161 also displays impressive results with an accu-
racy of 96.34% and a precision of 96.2%. However, VGG16
demonstrates comparably poorer performance with an accuracy
of 94.3% and an F1-score of 94.5%. Besides, in Fig. 15 the con-
fusion matrices are shown where our proposed Inv-Net model
generates larger diagonal values compared to other models.
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Confusion matrix results from our Inv-Net model, using (f) INN as the backbone, compared to (a) ResNet101, (b) EfficientNetB4, (c) DenseNet121,
(d) VGG16, and (e) DCNN, (f) INN.
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Fig. 16.
(c), (), and (i) display final attention maps.

TABLE VIII
COMPARISON OF THE MEAN + STANDARD DEVIATION (S.D.) OF INV-NET
PERFORMANCE AGAINST CONVENTIONAL DEEP LEARNING MODELS FOR THE
WILDFIRE CLASSIFICATION TASK

Model ACC PRE REC Fl1-score
Resnet101 9231 | 90.2+6.1a | 924+ 1.5« 90.13c
EfficientNetB4 93.1 93.2+4.1 93 +2.3 92.4
DenseNet161 96.34 96.2 £5.8 96 + 3.9 96.9
VGG16 943« 94.1 4.1 | 94.2 £5.8c 945
DCNN 96.12 95.2 £ 8.5 95.4+4.8 95.2
Inv-Net 98.1 99.2+1 972+ 1.1 98.1

Statistical significance is denoted by a at p < 0.05 using a two-sided McNemar’s test
against the proposed Inv-Net strategy.

Table IX, the model we propose has shown significant advan-
tages over other methods in terms of classification performance,
according to a recent quantitative comparison conducted on the
FLAME Dataset. With an accuracy (ACC) of 98.2%, precision
(PRE) of 99.3%, and recall (REC) of 97.5%, our proposed
approach surpasses Dense-MobileNet, CrossViT, DSI-Net, and
FBC-Anet by substantial margins.

In Fig. 16, we utilize class activation mapping (CAM) [79] to
evaluate our classification performance by interpreting regions
of fire using the Inv-Net model architecture. For this work, the

(h)
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Ablation study on Inv-Net classification model’s performance. Images (a), (d), and (g) show dehazed inputs; (b), (e), and (h) show pixelated versions;

TABLE IX
QUANTITATIVE COMPARISON OF CLASSIFICATION PERFORMANCE WITH
DIFFERENT METHODS TRAINED ON THE FLAME DATASET

Model ACC | PRE | REC
Dense-MobileNet [72] | 95.7 | 93.2 | 94.2
CrossViT [73] 934 | 932 | 93.2
DSI-Net [68] 96.8 | 94.5 | 93.9
FBC-Anet [74] 90.6 | 924 | 93.7
Proposed 982 | 993 | 97.5

segmentation component is frozen to assess the classification
task’s contribution to the study.

C. Segmentation Task

Table X displays the performance characteristics of current
state-of-the-art multiple models in a segmentation test, notably,
InV-Net beats other models with the highest accuracy of 98.2%
and IoU of 97.6%, indicating its superior capacity to reliably
segment objects. FPN also displays high performance with an
accuracy of 97.3% and an IoU of 98.1%. However, SegFormer
and U-Net demonstrate considerably poorer performance with
accuracies of 91.3% and 93.2%, respectively. In Table XI,
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Fig. 17. Segmentation performance of our Inv-Net model on the FLAME Dataset. (a) Input images. (b) Ground truth. (c) Prediction.
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Fig. 18. Segmenation performance on different segmentation models. (c) Segformer. (d) DeepLab V3. (e) PspNet. (f) FPN. (g) U-net with our proposed

(h) Inv-Net model comparing with (a) original images, (b) ground truth images.

TABLE X
COMPARISON OF INV-NET PERFORMANCE AGAINST TRANSFER LEARNING
MODELS FOR THE WILDFIRE SEGMENTATION TASK

Model ACC PRE REC ToU
SegFormer 913c | 92.1£5.1cx | 92.2 £ 2.2 | 9120
FPN 97.3 96.1 £ 2 97.1+1.2 98.1
PSPNet 94.9 93.8 £5.8 96 £+ 3.9 94.9
U-Net 932c | 952+ 7.1 | 94.2 £ 5.4 | 953«
DeepLab V3 92.1 942+ 7.2 93.2+5.3 93.3
Inv-Net 98.2 97.12+5 98.3 2.3 97.6

Results for the segmentation of each studied fire burn lesion are presented
individually, with the overall column showing the average of the individual
lesion results (mean + S.D.). Statistical significance denoted by £ at p < 0.05,
paired t-test against the proposed Inv-Net strategy.

our proposed approach has been evaluated quantitatively with
existing studies in terms of segmentation performance using
the FLAME Dataset. The results show that our model outper-
forms other methods, obtaining significantly higher accuracy,

TABLE XI
QUANTITATIVE COMPARISON OF SEGMENTATION PERFORMANCE WITH
DIFFERENT METHODS TRAINED ON THE FLAME DATASET

Model ACC | PRE | IoU
UT-Net [75] 82.5 | 80.3 | 84.6
TransUnet [76] 90.2 | 91.8 | 93.2
FBC-ANet [77] 919 | 91.5 | 90.8
Axial-DeepLab [78] | 79.8 | 82.7 | 83.9
Proposed 97.8 | 953 | 95.7

precision, and IoU metrics. Our proposed model achieves an
accuracy (ACC) of 97.8%, precision (PRE) of 95.3%, and in-
tersection over union (IoU) of 95.7%. It outperforms UT-Net,
TransUnet, FBC-ANet, and Axial-DeepLab by considerably.
Furthermore, Figs. 17 and 18 illustrate the performance evalua-
tion of our model in recognizing burn lesions within specified lo-
cations, alongside comparative assessments with other models.
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TABLE XII
PERFORMANCE OF THE PROPOSED INV-NET MODEL COMPARED WITH THE EXISTING MODELS USING THE FLAME DATASET
Segmentation Classification .
Model ACC PI%E REC ToU T ACC PRE REC Fl-score Inference Time (ms) | FLOP Count
Jaouad et al. [67] 90.5 91.0 89.8 90.2 | 88.3 887 90.5 88.0 902.249 300
DSI-Net [68] 91.3 91.7 90.8 91.0 | 92.5 928 922 92.4 910.249 280
URepNet-v3+SVM [69] | 88.9 893 88.1 88.6 | 90.2 905 §89.9 90.1 915.249 350
Shintaro et al. [70] 89.2 89.5 88.8 89.1 | 90.5 90.7 90.1 90.3 920.249 340
Abderraouf et al. [71] 89.0 894 883 889 | 90.3 90.6 90.0 90.2 925.249 330
This Proposed Study 982 979 975 97.1 | 979 9777 983 97.9 640.249 250

100 == With DCP
= Without DCP

percentage

Accuracy (ACC) Precision (PRE)

Metrics

Fig. 19.  Performance comparison with and without dark channel prior (DCP).

Notably, our Inv-Net model outperforms alternative techniques,
displaying better performance in detecting burn lesions within
the test dataset.

D. Multitask Learning

In Table XII, through a comparison analysis of the Inv-Net
model and other models in the FLAME dataset, our proposed
approach consistently exhibits superior performance in both
segmentation and classification tasks. The Inv-Net model
demonstrates superior performance compared to the existing
models across all tested criteria. Inv-Net outperforms the ex-
isting model, DSI-Net, in segmentation with higher accuracy
(98.2% versus 91.3%), precision (97.9% versus 91.7%), recall
(97.5% versus 90.8%), and IoU (97.1% versus 91.0%). Inv-Net
achieves an accuracy of 97.9%, precision of 97.7%, recall of
98.3%, and an Fl-score of 97.9% in classification, beating
DSI-Net’s performance of 92.5%, 92.8%, 92.2%, and 92.4% in
the same metrics, respectively. Furthermore, Inv-Net exhibits a
reduced inference time of 640.249 ms and a lower computational
cost of 250 FLOP Count, indicating a more efficient and effective
model in comparison to the other models evaluated. This makes it
a superior option for both plant disease detection tasks involving
segmentation and classification.

Our study improves wildfire prediction by dynamically ad-
justing to new data, as opposed to existing static models. This
adaptability is achieved by combining multitask learning, INN
layers, and improved picture preprocessing with DCP. Experi-
ments show that our methodology surpasses previous methods
in terms of accuracy and responsiveness. In addition, the use

of the DCP approach improves the performance of our Inv-Net
model in comparison to not using it, as illustrated in Fig. 19.
Integrating the DCP approach into the multitask framework has
led to improved results in terms of accuracy, precision, and
IoU score.

IX. CONCLUSION AND FUTURE WORK

Our study proposed an innovative methodology that bridged
the gap between the DCP method and the multitask learning
framework, Inv-Net, to address issues in wildfire detection and
classification, particularly amid atmospheric disturbances. Dur-
ing the initial stage of the image dehazing process, the DCP ap-
proach achieved a 22.1% increase in SSIM, a 13% improvement
in PSNR, and a 96% reduction in execution time compared to the
multiscale retinex method. Subsequently, our proposed Inv-Net
model significantly improved segmentation accuracy by 7.6%,
classification accuracy by 5.8 %, reduced inference time by 30%,
and decreased FLOP count by 10.7% in comparison to DSI-
Net. Through the seamless integration of these methodologies,
we gained enhanced accuracy and efficiency in wildfire burn
analysis, substantially developing wildfire control measures. By
concurrently training segmentation and classification tasks, our
research not only boosted the precision of wildfire detection
but also sped the process, unleashing more effective wildfire
management strategies. Moving ahead, there were appealing
prospects for additional exploration and development. However,
despite the considerable gains obtained by our technique, certain
restrictions remained. The DCP method may have had issues
in reacting to quickly changing climatic circumstances, and
the processing needs of deep learning techniques could have
hampered real-time deployment in operational wildfire man-
agement systems. Future research efforts should have focused
on optimizing the efficiency and scalability of our technique to
permit practical application in real-world circumstances. Future
endeavors could have focused on fine-tuning the Inv-Net de-
sign, researching novel data augmentation methodologies, and
extending the application of our technology to real-time wildfire
monitoring systems. Furthermore, as wildfires continued to pose
significant challenges globally, investigating the scalability of
our approach to larger geographic areas and diverse environmen-
tal conditions was crucial for its broader practical deployment.
By expanding the scope of our research, we could have unlocked
new insights and solutions that were pivotal for mitigating the
impact of wildfires and safeguarding vulnerable ecosystems and
communities.
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