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Bias-Aware Data Quality Enhancement for Forest
Fire Detection in AI-Based Remote Sensing

Vishal Krishna Singh
Rajkumar Singh Rathore

Abstract—Bias, including preconceived notions embedded
within the algorithm, selection in dataset collection, imbalances
within the training data, impose severe restrictions on the algo-
rithm’s performance for accurate detection of forest fires. The vari-
ability of forest landscapes, environmental conditions across differ-
ent geographic regions exacerbates these challenges. Considering
the importance of tailored feature extraction, debiasing strategies
in improving model performance for critical applications like forest
fire detection, a novel approach using dual autoencoder archi-
tectures is proposed to independently learn fire-specific, nonfire-
specific features. The proposed method effectively addresses visual
biases in the datasets, utilizes superimposed image synthesis to
create overlay images that enhance feature representation. The
proposed integrated framework, validated on the publicly available
Wildfire, DFire datasets, shows significant improvements in detec-
tion accuracy, robustness. The proposed approach outperforms
existing methods with an accuracy of 80%, 76% on the Wildfire,
DFire datasets, respectively, achieving lower false positive rates,
false negative rates compared to the state-of-the-art methods.

Index Terms—Autoencoders, bias, bias mitigation, forest fire
detection, and transfer learning.

1. INTRODUCTION

IAS in machine learning algorithms can be a major issue
B especially in the case of forest fire detection as it may lead
to skewed outcomes in classification tasks. The issue of bias
originates from a set of complex factors, such as a preconceived
notion programmed in algorithms, selection bias in datasets and
imbalances of training data. Consider the case of an algorithm,
which was predominantly trained using images of a certain type
of forest or in a certain lighting environment. Such an algorithm
will have a high false alarm rate (FAR) while detecting fire
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in diverse environments or lighting scenarios. Besides, algo-
rithmic biases [1], where models replicate the constraints and
assumptions of their design, restrict the models ability to make
general predictions in diverse environments. Temporal biases,
introduced due to the past data, hinder the ability of the model
to accommodate the change in the current changes in the forest
ecosystem or climatic conditions [2]. The consequences of such
bias are far-reaching as there is a possibility of the underdetection
of real fires, particularly the ones with weak or unusual features.
These challenges are added to by the heterogeneity of forest
landscapes and the environmental conditions in geographic re-
gions; a model that is biased toward a particular set of features of
aregion may not work elsewhere, as it may fail to sense fires in
different vegetation types or under unusual weather conditions.

Bias mitigation in image-based early forest fire detection is
a widely addressed problem. One of the prominent solution
suggests increasing and diversifying training data so as to be
able to capture a broader range of geographical locations, en-
vironment, and time variations to directly overcome selection
bias and promote the ability of the model to be generalized to
forest ecosystems [3]. Also, methods like resampling [4] and
reweighting are aimed at solving the problem of imbalance by
increased attention to the underrepresented samples. Ensemble
learning-based methods, such as in [5], utilize several models
and are driven by bias mitigation in individual models. Recent
years have seen increase in sophisticated deep-learning (DL)
architectures, such as DenseNet201 [6], ResNet50 [6], and
InceptionV3 [6]. These methods have shown steep proliferation
in detection accuracy by representing the most relevant features
for early fire detection and minimizing confusion with visually
similar events like smoke or fog.

Existing literature on forest fire detection presents some in-
teresting solutions aimed at improving detection accuracy in
rough terrain. For example, the authors in [7], combined visible
light images in the YCrCb color space with infrared images to
outline the areas of flames. Another study in [8] presents the
idea of a lightweight and real-time solution by enriching data
and features within a YOLO DL model. The seminal work in [9]
introduces FireXnet, a simplified structure aimed at effective and
accurate wildfire detection; its lightweight architecture allows it
to permit a high level of accuracy with minimal training and test-
ing time. Addressing the detection and alleviation of low-level
bias, the authors in [10] proposed an autoencoder to produce
universal representations that can be used in models to detect
key characteristics across many categories. Though this method
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deals with low-level biases, there are high-level biases that form
due to complex interaction and misinterpretation of semantics,
high-level biases, which is very crucial when seeking to classify
data; ignoring high-level biases may impair the workable model
performance. An alternate approach, proposed in [11], aimed
at minimizing the FAR in autonomous aerial vehicle (AEV)
detection. The method makes use of pulse-Doppler radar to iden-
tify AEVs through a dual-headed convolutional neural network
(CNN) and nonmaximum suppression. Despite of significantly
reduced FAR, the model could not easily adapt to new settings,
raising questions on the model flexibility, adaptability, and re-
silience in quickly changing harsh terrain of forests.

Clearly, existing debiasing techniques can be categorized into
two major groups: 1) those that demand explicit bias labels at
training; and 2) those that do not demand such labels and attain
debiasing. Methods, such as in [12], are based on weighted loss
computation, while some methods on statistically or dynami-
cally computed weighted samples are [ 13]. In addition, ensemble
methods, such as in [14], and adversarial debiasing [15] are all
part of explicit bias mitigation techniques. Example of implicit
bias mitigation includes the restricted capacity model [16] and
gradient starvation [17] models. An interesting parallel approach
on distributed and intelligent learning presents a recent trend
for developing bias-conscious environmental models [18]. The
federated domain generalization method [19] provides improved
privacy-preserving learning in heterogeneous domains; how-
ever, its effectiveness tends to decline in place of strong domain
shifts and data imbalance thus generating biased generalization.
The application of edge Al to Earth observation [20], enables
near-source wildfire detection in the presence of sparse data
and resource-scarce conditions; however, the lightweight and
small-sample learning structures are usually undermined by the
bias in the representation and reduced robustness. The recent
SatCooper framework [21] enhances cooperative satellite infer-
ence by maximizing the tradeoff between latency and accuracy,
this technique, however, depends on accurate system-state esti-
mation and does not specifically deal with the issue of data bias or
skewed distributions. In another recent work, the authors in [22]
used socio-technical studies of the Agentic Al to emphasize the
necessity of fairness and accountability and highlight persistent
challenges in the detection and alleviation of bias in autonomous
systems.

However, such approaches often fail to specify the features
that proliferate bias. Most of the current methods of bias-
mitigation in image-classification have average performance
when dealing with bias on the higher classical level due to re-
duced ability to adapt to diverse settings. Accurate distinction of
the complex factors of the environment, such as fog, and smoke,
along with complex interaction with environmental factors, are
the main challenge faced in accurate forest fire detection. These
methods have limited classification accuracy and high FAR,
especially when it comes to a multidimensional and multifaceted
scenario of forest fire detection. Conventional approaches are
unable to portray minor differences among various types of fires
and their peculiarity in different settings providing false identifi-
cations and false alarms. Although the use of ensemble methods
and more advanced architectures provide more flexibility, they
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also add complexity and computational overhead. Evidently,
current approaches lack proper control over dataset imbalance
and distributional bias, which then provokes the use of generative
adversarial networks to generate balanced representations and
efficiency, more fairness, more robustness, and generalization in
forest-fire prediction and surveillance.

Building on our previous work on bias mitigation [2] and
efficient in-network data processing [23], [24], we aim to over-
come the drawbacks of existing techniques of bias mitigation in
forest fire. We present a novel technique that combines the CNN
based-DenseNet201 [25] with a new sequential autoencoder
architecture. The idea is to utilize the high-level global and
low-level textural information to perform an overall analysis
of nonfire and fire-related features. This approach attempts to
overcome the difficulties of the current models by improving
specificity in the feature extraction and classification. Planned to
be robust, generalized, and successful in various circumstances,
it focuses on complicated relationships between multiple aspects
of the environment and makes use of high-level methods of
extracting and improving features. The results of the study show
that there is an evident advancement in the performance, creating
anew standard of accuracy and robustness of forest fire detection
system, and indicating the effectiveness of the bias-mitigation
strategy. Table I presents the major challenges of the existing
methods and the major advantages of the proposed scheme over
these methods.

Addressing the inefficiencies of existing methods to address
the complicated interaction of environmental drivers and adapt
to changing fire situations, the proposed work makes novel
contributions to the precision of fire detection in the forest at
the initial stage and can be summarized as follows.

1) We critically examine the drawbacks of state-of-the-art
methods of bias mitigation in forest fire detection, particu-
larly their inability and steep decline in detection accuracy
in rough terrains and real-time dynamic scenarios.

2) We present a new DL model, combining DenseNet201
with the sequential autoencoder model. In this way, the
reduction of bias is achieved by and exhaustive analysis
of high-level features as well as low-level features, which,
in turn, allow significant improvement in specificity and
precision in detecting forest fires.

3) We employ entropy to measure the diversity and richness
of information in the dataset. By increasing the dataset’s
entropy through our autoencoder-based feature distinction
and superimposed image synthesis, we effectively reduce
biases and ensure a more balanced and fair training process
for the classification models.

4) Extensive experiments on two publicly available datasets
is presented to assess the performance of the proposed
framework. The findings reveal that our method performs
better than existing state-of-the-art methods as it outper-
forms the existing methods in terms of accuracy, FAR,
precision, recall, and a set of identified parameters.

The rest of this article is organized as follows: Section II
presents a comprehensive explanation of the proposed method-
ology, followed by the Section III, which details the datasets used
for the analysis. This is followed by Section IV, where the details
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TABLE I
COMPARATIVE ANALYSIS OF AI-BASED FOREST FIRE DETECTION METHODS
Models Complexity Acc. FPR FNR Precisi Key Chall Ady of Proposed
DenseNet201 [6] High Good High Fair Fair 1- Environmental variability, sensor-induced 1- Dual class-specific disentangle-
noise, visual bias, class imbalance ment
ResNet50 [6] High Fair High High Low 2- Environmental variability, residual noise 2- Residual-guided superimposed
propagation, contextual bias, imbalance un- synthesis
treated
InceptionV3 [6] High Fair Fair Fair Fair 3- Multiscale noise amplification, illumina- 3- Entropy-regularized feature di-
tion bias, dataset-specific overfitting versity
Low-level Debiasing [10] Medium Fair Fair Fair Low 4- Shallow decorrelation, static bias correc- 4- Explicit overlapping-pattern mit-
tion, imbalance unaddressed igation
Adversarial Debiasing [26] High Low High Fair Low 5- Training instability, gradient amplification 5-  Deterministic  reconstruction-
under noise, feature suppression based synthesis
Proposed Method Medium Excellent Low Good  Excellent 6- Mixed feature-space learning
TABLE I

AUTOENCODER ARCHITECTURE SUMMARY

Component AE; (Fire) AE5 (Nonfire)
Conv Layers 3 3

Filters 32-64-128 64-128-256
Kernel Size 3x3 3x3
Pooling 2 X 2 MaxPool 2 X 2 MaxPool
Bottleneck 20 x 20 x 128 20 x 20 x 256
Output Activation Sigmoid Sigmoid

of the experimental setup is presented and a thorough analysis
of the results and corresponding discussions are presented in
Sections V and VI, respectively. Finally, Section VII concludes
this article and reports future directions.

II. PROPOSED METHODOLOGY

The proposed methodology for forest fire detection utilizes the
DL architecture that addresses bias and improves the accuracy
of classification. It is broken down into four major sections:
1) data preprocessing and augmentation; 2) dual autoencoder
architecture to learn class-specific features; 3) superimposed
image synthesis; and 4) model training and evaluation. The
proposed system combines class-specific representation learn-
ing to data synthesis with the aim to minimize visual biases
between fire and nonfire classes. The resultant enriched dataset
is then utilized to train DenseNet201, which has been noted to
be high-performing in image classification tasks. Dual autoen-
coders and superimposed image synthesis in the DenseNet201
structure provide a higher detection rate and a steep mitigation
in bias. Extensive experiments prove the effectiveness of the
proposed methodology when compared to existing methods.
Fig. 1 depicts the general structure of the suggested framework.
The scheme illustrated in Fig. 1 shows that the pipeline starts
with data preprocessing and augmentation followed by a feature
extraction with the autoencoder that takes care of independent
learning on the latent representation of fire and nonfire. This step
is followed by using the output to generate superimposed images
thus increasing the training set. The combined dataset is then
employed to train the classifier resulting in bias-free prediction
which improves generalization and detection reliability.

A. Data Preprocessing and Augmentation

As can be seen through the first stage of preprocessing pro-
vided in Fig. 1, the dataset is carefully systematized and struc-
tured to make it fit in the model input. The process starts with
the classification of images as fire or nonfire, with the origin of

Algorithm 1: Proposed Forest Fire Image Classification
Pipeline.

The workflow entails the stages of preprocessing, and
augmentation, bias-sensitive dataset enrichment through
autoencoders and superimposed synthesis, and finally,
training and evaluation.

Require: Labeled dataset D = {(X;,v:)},

y € {fire, nonfire}

Ensure: Trained classifier and evaluation metrics

1: D <+ PREPROCESSANDAUGMENT(D)

2: Dyains Drest < TRAINTESTSPLIT(D, splitscale)

3: Denriched + - DERIASANDS YNTHESIZE (Dyain )

4: model <+

TRAINANDEVALUATECLASSIFIER (Dgtiched D, )

5: return model and metrics

both directories. Individual images are converted to RGB color
space and resized to 80 x 80 pixels, to provide uniformity of the
input dimensions (Zresized = fresize (I, 80 X 80)). To augment the
dataset, techniques, such as rotation (Iyo; = frotate(I,0)), width
and height shifts (Ignite = fsnire(I, 05, 0y)), shear transformations
Ushear = fshear(I; ¢))’ zoom (L zoom = fzoom(Iv Z)), and horizon-
tal flips (Inip = frip(I)) are employed. These artificial data
enrichment enhance the dataset size and variability and alleviate
overfitting and introduce simulation of a variety of real-world
conditions. After augmentation, pixel values are scaled to the
[0,1] range (Iporm = ﬁ), which gives all images the same value
set to make the neural network training. Such preprocessing
steps, such as augmentation and normalization are essential in
developing a balanced and diverse data collection. The pre-
processed data is then used for training-set enrichment in the
proposed bias-aware framework, and the test set is kept isolated
to prevent leakage of data in the evaluation process. After the data
preprocessing is complete the augmented and normalized dataset
is then fed through the proposed hybrid methodology which
comprises three crucial steps: 1) autoencoder-based feature
distinction; 2) superimposed image synthesis creating overlay
images; and 3) integrated feature extraction and bias mitigation.

B. Dual Autoencoder Architecture for Class-Specific Feature
Learning

The autoencoder-based feature distinction is a method that
seeks to increase the differentiation ability of the classification
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Fig. 1. Proposed model.

model, the features around the forest fire classification that may
add bias to the classification process are learned separately
and encoded, which includes fog, smoke, lighting, and back-
ground. This model uses two different autoencoders, namely:
1) Autoencoderl (fire related); and 2) Autoencoder2 (nonfire),
where Autoencoderl is trained on fire-related images and de-
velops fire related features and environmental factors, whereas,
Autoencoder? is trained on nonfire related images and learns
background features and nonfire related features. It should be
pointed out that no further independent autoencoders are added
to Autoencoderg,. and Autoencoderpensire. The debiasing phase
uses the trained Autoencoderponfe as a shared reconstruction
block instead of using a third distinct autoencoder. The encoder
consists of several convolutional layers with a progressively
larger filter size and ReL U activation functions, and is succeeded
by max-pooling layers to downsize spatial dimensions.

Both Autoencoderg,. (AE;) and Autoencoder ponfire (AE2)
follow a convolutional encoder—decoder structure. The encoder
consists of three convolutional layers with 3 x 3 kernels and
ReLU activation functions, each followed by batch normal-
ization and 2 x 2 MaxPooling for spatial downsampling. For
AE,, the convolutional filters are 32, 64, and 128, resulting in
a bottleneck feature representation of size 20 x 20 x 128. For
AE,, a higher capacity configuration is used with filters 64, 128,
and 256, producing a bottleneck of size 20 x 20 x 256 to better
capture complex nonfire background variations. The decoder
mirrors the encoder structure using upsampling layers followed
by convolutional layers with ReLLU activation. A final 3 x 3
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convolution with Sigmoid activation reconstructs the normalized
image output. The models are trained using the Adam optimizer
to minimize mean squared error (mse) loss. The architecture
details are presented in Table II.

Mathematically, for an input image X, the encoding process
can be expressed as follows:

Z = fenc(X) (1)

where Z represents the encoded feature representation. The
decoder reconstructs the input from these encoded features using
upsampling and convolutional layers, described by

X = foee2) )

where X is the reconstructed image. The objective of training
the autoencoders is to minimize the mse between the original
images and their reconstructions, which is achieved as

Lngse = > (x0 - %)’ 3)

where n is the number of images, X is the original image, and
X is the reconstructed image. Specifically, for Autoencoderl
trained on fire images, the loss function is defined as follows:

n

1 i S i)\ 2
Lfye = E Z (thlre) - nglre)) “)

i=1
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Algorithm 2 DebiasAndSynthesize (Dual Autoencoders +
Superimposition)

This trains two class-specific Autoencoders to learn fire
and nonfire representations independently. The algorithm
is aimed to generate structured superimposed samples to
expand feature diversity and mitigate bias.

Require: Training images Xfie, Xnonfire

Ensure: Enriched training set Dgniched

: Train AUTOENCODER1 on Xje

: Train AUTOENCODER2 on X onfire

: Rfire < AUTOENCODER I ( X )

: Ruonfire ¢ AUTOENCODER2( X onfire )

: Shonfire <— SUPERIMPOSE( Rfire, Xnonfire)

: Sfire ¢~ SUPERIMPOSE( Rponfires X fire )

: Dennched — Xﬁre U Xnonﬁre U Sﬁre ) Snonﬁre

train

. enriched
: return D

0 O\ N BN

and for Autoencoder? trained on nonfire images, the loss func-
tion is as follows:

1 n
Lnonﬁre = E Z (Xrgozlﬁre

i=1

2
Xéo?lﬁre) . (5)

The optimization process involves adjusting the parameters of
both autoencoders using the Adam optimizer to minimize their
respective loss functions over several epochs. This process is
represented as

Ofe = arg nelin Liire (6)

fire

*

nonfire — 8 min Lyonfire (7)

nonfire

where g and Oponfire are the parameters of Autoencoderl and
Autoencoder2, respectively. By independently training the two
autoencoders, we ensure that each sutoencoder learns a compact
and specialized representation of its respective class. This dual
autoencoder methodology is essential for identifying and encod-
ing biases introduced by fog, smoke, lighting, and background
features, thereby enhancing the model’s accuracy and robustness
in forest fire detection across varied environmental conditions.

C. Superimposed Image Synthesis

The superimposed image synthesis attempts to improve the
dataset by overprinting the reconstructed images of the fire
and nonfire to expand the range of features. This is used to
efficiently add extra feature space, boosting robustness of the
classification model and reducing bias. The first step is the use
of Autoencoderl to extract fire features and reconstruct fire-like
images, denoted as Rj.. These reconstructed images are then
overlaid on the nonfire images Xnonfire t0 produce synthesized
nonfire images that contain fire characteristics as demonstrated
in Fig. 2.

The key point to note is that Rg. and Ryonfre are learnable
structured reconstructions of their autoencoders and not arbitrary
pixel noise. Thus, the superimposition infuses class-relevant

ﬂﬂ N el K EE . Sl
PG da T TR e P
Y _.v.l&s»"ﬁgﬁ’! bl IR L7 Ee
S S N v e e I PN D e
PR T T P R i B2
] R TSRl e e TP
uaﬁ“w TS VTV 4 ] e
P e i 7B T \\H’
u“:iﬁ.ﬂw“;nmﬂngﬂ u"fﬂw%auki:gﬁ
U ale LALWIN. | DRl I ude LA DI | [el® |
() ()

Fig. 2. Superimposed Image Synthesis. (a) Superimposed nonfire images.
(b) Superimposed fire images.

visual-based information and does not affect the spatial con-
sistency.
1) Reconstruction of Fire Images:

Snonﬁre,i = Clip(Xnonﬁre,i + Rﬁre,i7 07 1)~ (8)

It should be noted that the superimposition operation
uses pixelwise addition of residual generalization, and not
more complicated methods of blending including alpha
blending or attention-based fusion. The reason behind
this decision is twofold. To begin with, the reconstructed
outputs Ry and Ryonfire are reconstructed feature maps,
which are trained on class-specific encoding of features
instead of entire semantic objects; hence, their addition is
controlled feature perturbation instead of random image
overlay. The application of the superimposition is con-
trolled residual, in which the reconstructed class-specific
features are imposed without changing the global spatial
structure. Second, the clip(-) operation limits pixel val-
ues to the valid range between [0,1], so that synthesized
samples are both visually realistic and semantically valid.
The additive formulation, in contrast to alpha blending,
maintains intensity-based fire signals and adds controlled
background interaction. Since the generated residues are
based on structurally aligned inputs, semantic plausibility
is preserved, without the need of explicit attention-based
spatial masking.

Similarly, Autoencoder?2 is utilized to extract nonfire features
and reconstruct nonfire-like images, denoted as Ryonfire. These
reconstructed images are superimposed onto the fire images Xe
to create synthesized fire images with nonfire features, as shown
in Fig. 2.

1) Reconstruction of Nonfire Images:

fAEZ(Xnonﬁre,i) (9)

where fag, is the function learned by Autoencoder2, and
Xhonfire,i 15 the ith nonfire image.
2) Superimposition of Nonfire Features onto Fire Images:

Sﬁre,i = Clip(Xﬁre,i + Rnonﬁre,i7 07 1) (10)

Rnonﬁre,i =

here, Shre,; is the synthesized fire image with nonfire
features.
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Algorithm 3: Superimpose Operation.

The algorithm superimposes reconstructed residual data
onto the underlying images and censor pixel values so
that the pixel values can be within admissible intensity
levels. As a result, the proposed approach maintains the
spatial integrity and it inlays class-relevant data.

1: function SUPERIMPOSER, X

Require: Residual/reconstructed images R, base images
X

Ensure: Superimposed images S

2 for i + 1 to length(X) do

3 S[i] + clip(X[i] + R][i],0,1)

4: end for

5 returnS

6: end Function

This training space offers a richer and more varied feature
space to the classification model by incorporating these syn-
thesized images in the training set. This addresses the issue of
bias since the model will not be overly dependent on simplified
or isolated attributes which are very specific to both fire and
nonfire. The overlapping space results in the generation of a
mixed feature space in which the binary difference between fire
and nonfire is not as evident, and the model is compelled to
acquire more subtle differences. The features of images that are
required to be enriched allow it to be classified more accurately
due to the training of the model on the other features. The
chance of having a false alarm on a nonfire is minimized with
a more sophisticated set of characteristics. It is also through
this that the model is more accurate in identifying fire condi-
tions in the presence of disturbing nonfire factors. To further
explain the synthesis process, Fig. 2 presents representative
examples of superimposed fire and nonfire images. These syn-
thesized samples are then added to the original fire and nonfire
images and create a more enriched training dataset, which is
then used to train the DenseNet201 classifier. This integration
ensures that the classifier is trained on original and mixed feature
conditions.

D. Model Training and Evaluation

To enhance the number of features, the proposed methodology
obtains an increased number of features by combining both
original and superimposed images covering fire and nonfire cate-
gories. The resulting consolidated piece of data D is represented
as

D= Xﬁre U Sﬁre ) Xnonﬁre ) Snonﬁre- (1 1)

A feature extraction function f is defined to map the raw
integrated data D to a higher dimensional, more informative
feature space F' is as follows:

F = /(D). (12)

The function f transforms the data from its original space R"
to a more enriched feature space R™ as follows:

f:R™ = R™. (13)
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TABLE III
DATASET PARAMETERS

Data set Class Training  Validation  Testing  Total
Fire 738 185 407 1330

Wildfire | Nonfire 1810 453 488 2751
Total 2548 638 895 4081

Fire 3200 800 800 4800

DFire Nonfire 3200 800 800 4800
Total 6400 1600 1600 9600

e o

Y 7 Y O i

ol ] LOF AN T ]

B EEL EduEE

iy T e T
(@) (b)

Fig. 3. Sample images representing different classes. (a) Fire images.
(b) Nonfire images.

The approach leverages Shannon entropy H (F') to measure
the unpredictability and diversity within the feature space is
defined by

H(F) == p(fi)logp(f:). (14)

K2

Here, p(f;) denotes the empirical distribution of feature acti-
vations across the dataset. Entropy is used to quantify feature
diversity and reduce representational bias. In practice, p(f;) is
obtained by applying a normalization function (e.g., softmax-
based normalization across feature activations) to convert con-
tinuous feature magnitudes into a discrete probability distribu-
tion prior to entropy computation. A higher H (F') indicates a
more diverse and less predictable feature space, which helps
in reducing model bias by ensuring varied data representations.
The objective function for training incorporates the mse from the
autoencoders and the entropy of the feature space is as follows:

Liota = Lvisg + AH (F). (15)

Here, A is aregularization parameter that balances reconstruc-
tion fidelity and feature-space diversity. It controls the tradeoff
between minimizing reconstruction error and encouraging dis-
tributed feature representations. A moderate value of A ensures
that the model maintains accurate class-specific encoding while
preventing feature-space collapse toward dominant dimensions.

It is important to clarify that the entropy is not computed
directly over raw continuous high-dimensional feature vectors.
Instead, the feature activations are first transformed into a nor-
malized probabilistic representation. Specifically, the feature
magnitudes are aggregated across samples and normalized using
a softmax-based scaling to obtain a valid probability distribution

satisfying >, p(fi) = 1 and p(f;) > 0. Thus, p(f;) represents
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Algorithm 4: Train and Evaluate the Classifier.

This fine-tunes the proposed model using the enriched
dataset.

Reqllil'e= Xtraim Ytrain Xtest; Ytest

Ensure: Trained model and evaluation metrics

1: model < DENSENET201(include_top =
False, weights = imagenet)

2: Add classification head: GAP — DENSE(2048, relu) —
DROPOUT(0.5) — DENSE(1, sigmoid)

3: Compile model with optimizer=adam,
loss=binary_crossentropy

4: Train for 100 epochs with batch size 32 and validation
split 0.2

5: predictions < model.predict(Xies)

: Compute Accuracy, Precision, Recall, FPR, and FNR

7: return model and evaluation metrics

N

the normalized activation strength of feature dimension ¢ across
the dataset rather than a probability density in the continuous
feature space. This transformation ensures mathematical validity
of the entropy computation while preserving interpretability.
The entropy term therefore acts as a regularization mechanism
that discourages overconcentration of representation in a limited
subset of feature dimensions and promotes a more informative
and distributed latent feature space.

III. DATASET DESCRIPTION

The proposed method is tested and validated on two publicly
available datasets. The details of data splitting are shown in
Table III and sample images of the various classes are shown in
Fig. 3.

1) Dataset 1: Wildfire Data [27], provides a comprehensive
collection of images specifically curated for wildfire de-
tection. It has a training set of 738 fire and 1810 nonfire
images, a validation set containing 185 fire and 453 nonfire
images, and the testing set with 407 fire and 488 nonfire
images. These images cover diverse conditions that are
relevant to forest fire detection, such as presence of dif-
ferent light conditions as well as more adverse conditions
like fog and smoke.

2) Dataset 2: DFireDataset [28], combines images of mul-
tiple sources that offers a mixed set of fire, no-fire, and
smoke images. This dataset consists of 3200 training
images in every category (fire, no fire, and smoke), 800
validation images, and 800 testing images in each of
the categories. DFire contains more than 21 000 images,
which are annotated in the YOLO format, with a constraint
on categories that are associated only with fire, smoke, fire
and smoke, and none. The source of images is diversified
in terms of the environment and condition.

IV. EXPERIMENTAL SETUP

The proposed method, was used in combination with the
state-of-the-art models that were used to make comparative
contributions: namely, the conventional model [6], the low-level
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Fig. 4. Accuracy of proposed model on identified datasets. (a) Accuracy on
Wildfire dataset. (b) Accuracy on DFire dataset.

bias approach [10], adversarial debiasing approach [26], aug-
mentation + PCA classification [29], and fireXnet [9]. OpenCV
was used to do preprocessing of all the images and convert them
into RGB and resize them into a standard size of 80 x 80 pixels.
The pixels were brought to the scale of [0, 1] as they were divided
by 255. In addition, a red background was superimposed on
nonfire images to create visual bias that was intentional in the
model, thus increasing its ability to discern features of the fire
against the possibility of noise and bias.

“Keras ImageDataGenerator,” was used to augment the data
and add variability and robustness to the data by rotating, shifting
width and height, shear, zooming, and flipping horizontally.
This was to ensure that there was a reduction in overfitting
to simulate various real-world circumstances. The proposed
feature-distinction scheme, along with the DenseNet201 model
to classify an image, were trained and tested on an NVIDIA
A100 GPU accessed through Google Colab. The autoencoder
structures were convolutional and max-pooling layers in the
encoder using preceding upsampling and convolutional layers
in the decoder. DenseNet201 which is a trained model on Ima-
geNet, was altered by adding dense and dropout layers to classify
binary (Fire/NonFire). All models used the batch size of 32, and
100 epochs as a training regime. The batch size was chosen to
maximize the efficiency of the computation and the stability of
the gradients in the two datasets. The initial learning rate was set
to 1 x 10~* as the initial experiments on learning showed stable
convergence. The learning rate was reduced by a factor of 0.2 on
finding a plateau in the validation loss with the ReduceLROn-
Plateau callback. The autoencoders were trained to minimize
the mse, and the model DenseNet201 was optimized on binary
cross-entropy loss and the Adam optimizer. The regularization
parameter in the entropy-based objective, is given by A and was
tuned through preliminary experiments within a controlled range
to achieve a balanced tradeoff between reconstruction fidelity
and feature diversity without destabilizing training.

The classification model was tested on an independent test
dataset run through the same debiasing autoencoder (i.e., the
trained Autoencoder ponfire, reused as a common reconstruction
component). Model performance was also evaluated in terms of
accuracy (Fig. 4) and loss metrics (Fig. 5), visualized during
training, and a confusion matrix was used to evaluate perfor-
mance of the classifier, where true positives, false positives, true
negatives, and false negatives are identified.
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Fig.5. Loss curve of proposed model on identified datasets. (a) Loss curve on
Wildfire dataset. (b) Loss curve on DFire dataset.

TABLE IV
PERFORMANCE METRICS USED FOR EVALUATION

Metric Definition Metric Definition
PETN — TP
Accuracy TP TN FPIFN Precision TPIFD
. TP FP
Recall TPIFN FPR FPITN
. . TP FP
FNR % Confusion Matrix [FN TN}

V. RESULTS AND ANALYSIS
A. Performance Parameters

The performance of the proposed framework is evaluated
on a set of evaluation metrics and are presented in Table IV.
The identified metrics are chosen with the aim of not only
performance validation of the model on various aspects but also
to offer an understanding of the accuracy and effectiveness of
performance at different circumstances. The evaluation metrics
have been selected to address the problem of the imbalance in
the classes and the prohibitive price of the safety-insensitive
mistakes of detecting forest-fires occurrence scenario. Precision
may be misleading when nonfire samples predominate, in this
case, false-positive rate (FPR), false-negative rate (FNR), and
precision are directly presented. These measures provide a rela-
tive evaluation of false-alarm performance and missed-detection
risk which are vital to working wildfire surveillance.

B. Model Accuracy

Fig. 4 shows the accuracy plots of the proposed model and
gives a holistic idea of the performance of the model using both
Wildfire and DFire dataset. The accuracy on the Wildfire dataset
is reported to be significantly high and gradually gets better with
time, as shown in Fig. 4. A very small variation in the line of
validation accuracy is an indication that the proposed model is
able to generalize efficiently and is not overfitting. A shallow
trough at the 20th epoch shows that there is a minor adjustment
period where the model learns to distinguish between subtle
features of fire and nonfire images under diverse conditions. The
fact that the accuracy has been very high in the rest of the epochs
is a pointer that the model has effectively represented the key
features that are necessary to carry out effective classification.

C. Model Loss

The loss curve for the proposed model, as shown in Fig. 5,
provides useful information on the learning curves on both the
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datasets. In the case of Wildfire data, the training loss begins
with a very large value and decreases at a very high rate in
the first epochs indicating a rapid learning. The validation loss
closely follows the training loss, which means that there is not
much overfitting. When the two losses converge toward the lower
end, it is an indication of continuous error minimization. The
spikes observed in the validation loss indicates that the model
is unable to cope with particular samples, but this is corrected
in subsequent epochs. Similarly, the loss curve for the DFire
dataset, shown in Fig. 5, shows an immediate drop in training and
validation losses. The similarity of the two curves is indicative
that the two models can be generalized across diverse samples,
i.e., fire, no-fire, and smoke images.

D. Comparative Analysis

The proposed method is compared to various existing ap-
proaches DenseNet201 [6], ResNet50 [6], InceptionV3 [6],
the low-level bias approach [10], adversarial debiasing ap-
proach [26], augmentation + PCA classification [29], and
fireXnet [9] wherein the model is tested on two different datasets
to have a fair analysis on diverse environmental conditions.

Traditional models, including DenseNet201, VGGI6,
ResNet50, and InceptionV3, are not effective in forest fire
detection due to weak generalization and limited ability of
feature extraction suited to the harsh domain of forest fires.
These models have difficulty with environmental variability
and tend to overfit providing little insight into unique features
of fires like different intensities and presence of smoke.
Their architectures, good for general tasks, do not have
domain-specific enhancements needed to differentiate between
fires and similar phenomena, such as sunlight reflections or fog.
The augmentation + PCA detection method has reduced the
FPR but high FNR which is a measure of poor performance.
Although, data augmentation increases robustness, it ignores
the essential subtle fire properties and PCA ignores fire-specific
properties leading to a high FNR. Therefore, this method does
not adequately cover the multifaceted biases of fire detection.
The low-level debiasing approach modulates low-level image
characteristics, i.e., color, texture, and edge details, to reduce
bias but oversimplifies the problem. Forest fire detection relies
on complicated features that are not described by low-level
features and this algorithm does not reflect complex patterns,
such as smoke and flame indicators. When the training data are
not diverse enough, it struggles to generalize across a wide range
of fire scenarios. The adversarial debiasing method provides
an adversarial element that is used to identify and minimize
biases, but provokes difficulties with balancing the learning
process. FireXnet has high FNR and the simple architecture and
low-resource capability restrict its ability to model dynamic
and complex features of fire.

On the other hand, the proposed solution achieves superior
performance by integrating a holistic bias mitigation strategy
that addresses both low-level and high-level features. It makes
use of the sophisticated feature-extraction of the proposed DL
framework to identify the important features of fire, including
dynamic movements of smoke and variations in the flame.
Methods like data augmentation and transfer learning enhance
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TABLE V
PERFORMANCE COMPARISON ON IDENTIFIED DATASETS (OVERALL)

Dataset Method Accuracy %  FPR~ FNR  Precision  Recall
DenseNet201 [6] 0.66 0.59 | 0.02 0.79 0.66
Resnet50 [6] 0.62 0.63 0.05 0.74 0.62
InceptionV3 [6] 0.66 0.56 0.04 0.77 0.66
Augmentation 0.71 0.16 0.44 0.71 0.71
. + PCA [29]
Wildfire Low-level 0.66 058 | 0.02 0.79 0.66
Debiasing [10]
Adversarial 0.46 0.66 | 0.40 0.48 0.46
Debiasing [26]
FireXnet [9] 0.59 0.02 | 0.75 0.76 0.59
Proposed 0.80 0.21 0.19 0.80 0.80
DenseNet201 [6] 0.57 0.85 0.01 0.75 0.57
Resnet50 [6] 0.60 0.79 | 0.01 0.75 0.60
InceptionV3 [6] 0.60 0.78 0.02 0.74 0.60
DFire Augmentation 0.63 0.37 0.36 0.63 0.63
+ PCA [29]
Low-level 0.60 0.79 0.01 0.75 0.60
Debiasing [10]
Adversarial 0.49 0.85 0.17 0.48 0.48
Debiasing [26]
FireXnet [9] 0.55 0.01 0.90 0.76 0.55
Proposed 0.76 0.25 | 0.22 0.76 0.76
TABLE VI
PERFORMANCE COMPARISON WITH VARYING EPOCHS
Training Validation Training Validation
Dataset Method Epochs Accuracy;:% Accuracy % Loss ° Loss
DenseNet 1 0.94 0.95 0.20 0.25
201 [6] 50 0.99 0.93 0.01 0.39
100 0.97 0.91 0.01 0.79
Resnet 1 0.93 0.01 0.27 0.55
[6] 50 0.99 0.92 0.04 0.77
100 0.96 0.94 0.02 0.45
Inception 1 0.89 0.91 0.30 0.84
. V3 [6] 50 0.96 0.94 0.01 0.32
Wildfire 100 0.99 0.97 0.02 0.08
Low level 1 0.93 0.94 0.18 0.30
[10] 50 0.99 0.96 0.01 0.13
100 0.99 0.97 0.01 0.11
FireXnet 1 0.82 0.91 0.41 0.68
[91 50 0.98 0.89 0.06 0.50
100 0.99 0.94 0.03 0.22
Proposed 1 0.99 0.83 0.01 0.83
Approach 50 0.97 0.92 0.08 0.26
100 0.98 0.92 0.06 0.29
DenseNet 1 0.94 0.90 0.16 0.47
201 [6] 50 0.99 0.96 0.07 0.40
DFire 100 0.99 0.96 0.04 0.26
Resnet 1 0.94 0.01 0.16 0.81
[6] 50 0.99 0.95 0.05 0.14
100 0.99 0.95 0.07 0.30
Inception 1 0.86 0.76 0.33 0.11
V3 [6] 50 0.99 0.97 0.01 0.07
100 0.99 0.98 0.01 0.07
Low level 1 0.95 0.69 0.01 0.12
[10] 50 0.99 0.60 0.06 0.26
100 0.99 0.92 0.4 0.60
FireXnet 1 0.77 0.34 0.47 0.70
[91 50 0.98 0.96 0.04 0.09
100 0.99 0.98 0.01 0.02
Proposed 1 0.75 0.82 0.01 0.06
Approach 50 0.97 0.92 0.07 0.25
100 0.98 0.92 0.05 0.29

generalization, adapting the model to various fire scenarios and
conditions. Specialized training strategies, including loss func-
tions tailored to balancing between false positives and false neg-
atives and adaptive learning rates, are beneficial toward making
models sensitive with respect to false positive and false negative.
Incorporating domain-specific insights aligns the model closely
with real-world fire behaviors, achieving high accuracy while
reducing both false alarms and missed detections through a deep
understanding of fire dynamics and environmental contexts.
Table V presents an overall comprehensive performance report
of all the methods, while Table VI presents the evaluation
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outcomes of the state-of-the-art methods, against the proposed
method, with varying number of epochs.

E. Confusion Matrix

The confusion matrix of all the methods are presented in
Figs. 6 and 7 for both the datasets. The confusion matrices in
Fig. 6 provide a comparative analysis of the proposed model
and other state-of-the-art approaches on the Wildfire dataset.
The proposed model, depicted in Fig. 6, shows a balanced
performance with a relatively low FPR of 70 and a higher TPR of
304. This indicates a good ability to distinguish between fire and
nonfire images. Other models, like FireXnet and DenseNet201,
also performed well but showed higher FPRs, suggesting a
tradeoff between detecting all fire instances and minimizing false
alarms.

The confusion matrices in Fig. 7, provide a comparative anal-
ysis of the proposed model and the other approaches on the DFire
dataset. The proposed model shows a balanced performance
with a relatively low FPR of 176 and a higher TPR of 624.
This indicates a good ability to distinguish between fire and
nonfire images. Other models, like FireXnet and DenseNet201
showed higher FPR, suggesting a tradeoff between detecting
all fire instances and minimizing false alarms. For example,
FireXnet correctly identified 799 fire images but also had a
false positive count of 201, indicating a more conservative
detection. DenseNet201, with 796 true positives and only four
false positives, showed a cautious yet highly accurate detection.
The augmentation + PCA approach shows a higher FPR of
289, despite a solid true positive rate of 511, indicating less
balanced performance. Similarly, the adversarial debiasing ap-
proach exhibited a higher FPR of 136, which could lead to
more false alarms in practical applications. Overall, the proposed
method demonstrates superior performance, maintaining a good
balance between true positives and minimizing false positives,
thus showing better generalization across diverse scenarios in
the both the datasets.

F. Entropy Performance Evaluation

Entropy is a measure of randomness of a dataset. For image
datasets, it quantifies the diversity of pixel values, reflecting
the richness of information contained within the images. To
represent it mathematically, entropy H of a dataset is given
as

H(F) = —Zp(fi) log p( f:)- (16)

A high value of entropy indicates that the dataset has diverse
features and is rich in information value. A high entropy is an
important factor for evaluating the fairness of a classification
dataset as it has a lower risk of biased generalizations toward
unseen samples. Therefore, for a fair analysis of the algorithm’s
ability to mitigate bias, we calculate the entropy of both the
original biased dataset and the debiased dataset obtained after
autoencoder training. As shown in Table VII and Fig. 8, the

proposed method is able to increase the entropy value of the
dataset by focusing on essential features and compressing and
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TABLE VII

ENTROPY PERFORMANCE EVALUATION RESULTS

Dataset Original Dataset | Debiased Dataset
Entropy Entropy
Wildfire Data 5.371 15.469
DFire Dataset 9.8906 15.7472

reconstructing the input data through the autoencoders. This
allows the model to diversify the the feature space, reducing
repetitive patterns, and leading to a more balanced dataset for

training.

VI. DISCUSSION
A. Impact of Bias-Aware Representation Learning

The accuracy of the proposed approach on the Wildfire detec-
tion image data dataset [27], is 0.80, while DenseNet201 [6] is
at 0.66, ResNet50 [6] is at 0.62, InceptionV3 [6] is at 0.66,
and FireXnet [9] is at 0.59. A similar trend is observed on
the DFireDataset [28], where the proposed approach attains
an accuracy value of 0.76 accuracy compared to 0.57-0.60 for
standard deep architectures.

More importantly, improvements are reflected in the form of
reduction in false positive and negative rate. In the case of [27],
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Fig. 8. Entropy performance evaluation.

the error profile of the proposed method with an FPR = 0.21
and FNR = 0.19, gives a more accurate representation of both
the error rates compared to the adversarial debiasing [26] and
low-level debiasing methods [10]. In [28], where background
variability and illumination changes were more pronounced, the
reduction in FNR = 0.22 suggests an increase in sensitivity to
finer fire patterns.

These improvements can be owed to the dual autoencoder
structure, which explicitly disentangles separates fire-related
and nonfire-related latent encoders. The model learns specific
encoding by the class before the classification processes, reduc-
ing dependence on nonspecific environmental characteristics,
including haze, smoke-like clouds, or illumination artifacts. The
superimposition based on the structured residual also boosts the
training distribution and further urges the training distribution
to develop fine-tuning correlations.

B. Effect of Superimposed Data Enrichment

The proposed superimposed synthesis has improved perfor-
mance in generalization as compared to conventional augmen-
tation strategies (accuracy 0.71 on [27] and 0.63 on [28]) and
application. The residual-guided overlay produces controlled
overlap of features between the fire and nonfire sets unlike the
geometric transformations which do not cause features to over-
lap. This results in a mixed feature space that minimizes binary
oversegregation and and improves robustness under ambiguous
environmental conditions.

The entropy-regularized training objective

Lot = Lvse + AH (F)

further enhances feature diversity and prevents latent representa-
tion collapse. As shown in Table VI, validation accuracy remains
stable across 50 and 100 epochs without significant divergence,
suggesting reduced overfitting compared to baseline models.

C. Generalization Across Training Regimes

Epochwise comparisons show that DenseNet201 [6] and
InceptionV3 [6] often achieve near-perfect training accuracy
while exhibiting fluctuations in validation performance at
higher epochs, indicating overfitting. In contrast, the proposed
framework maintains stable validation accuracy across 50
and 100 epochs on both [27] and [28]. This stability supports
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the hypothesis that representation-level debiasing improves
generalization under diverse environmental conditions.

D. Broader Applicability to Environmental Monitoring

Although this work focuses on forest fire detection, the
proposed bias-aware data quality enhancement framework is
inherently task-agnostic. Many environmental monitoring tasks,
such as flood detection, deforestation mapping, oil-spill identi-
fication, and drought assessment face the same problems, such
as class imbalance, environmental variability, sensor noise, and
visual ambiguity between background and foreground classes.

Adapting the dual autoencoder paradigm to such tasks by in-
dependently learning class-specific latent representations (e.g.,
flooded versus nonflooded regions), then treating the remnant
superimposition as controlled to augment the training diversity.
According to the entropy-based regulation approach, the rep-
resentations of features are guaranteed to be informative and
delicately distributed in diverse sensing conditions.

E. Integration With Existing Monitoring Systems

Systemswise, the proposed framework may serve as a data-
quality improvement layer in the already existing remote sensing
infrastructures. In satellite-based early warning systems, the
dual autoencoder module may serve as a preprocessing phase
refining inputs representations prior to classification. There is
potential to use the method as a bias-mitigation mechanism in
AEV-based pipelines to reduce false alarms caused by shadows,
reflections, or a dense haze of smoke. Because the architecture
uses DenseNet201 [6] as the classification backbone, the addi-
tion of it into existing DL pipelines requires minimal structural
modification. The enrichment phase works mostly during the
training process, thus making the deployment complexity as
similar to of the traditional CNN-based systems.

F. Limitations

Despite the improved performance, certain limitations must
be acknowledged. The proposed framework establishes a two-
step pipeline that involves two autoencoders with the ensuing
DenseNet201 classifier. While the enrichment stage is applied
during training, the overall architecture introduces additional
computational overhead compared to single-stage CNN models.
This may affect scalability in real-time or resource-constrained
deployment scenarios. Furthermore, performance may degrade
under extremely low-resolution imagery or severe sensor noise
conditions, where fine-grained fire patterns become less dis-
tinguishable and latent feature disentanglement becomes more
challenging. In addition, generalization to entirely new sen-
sor modalities or geographical regions not represented in the
training datasets may require domain adaptation mechanisms to
ensure robustness under distribution shifts.

VII. CONCLUSION

This work presents a novel DL-based methodology for forest
fire detection and addresses the limitations of traditional forest
fire detection systems. Our approach uses two autoencoders
applied over DenseNet201 and achieves more accurate, reliable,
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and efficient performance when compared with state-of-the-art
methods. The integration of original and superimposed images
for training autoencoders proves to be a significant enabler in
making the proposed method more effective in distinguishing
complex fire and nonfire scenarios, reducing false positives and
improving true negatives. By tuning the DenseNet201 model on
an enriched dataset, we achieve a high classification accuracy,
which emphasizes the importance of advanced feature extraction
in the field of image-based recognition systems. Using over-
lapping images to enrich the training dataset greatly improves
the model’s ability to handle ambiguous scenarios, a common
challenge in fire detection. Future research will focus on reduc-
ing computational complexity through lightweight architectural
variants and model compression strategies to facilitate real-time
deployment. In addition, domain generalization techniques will
be explored to enhance robustness across unseen sensors and
geographical regions. Investigating performance under extreme
low-resolution and noisy sensing conditions, as well as ex-
tending the framework to multispectral and multimodal remote
sensing data, represents a promising direction for advancing
reliable Al-based environmental monitoring systems.
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