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Abstract — Forest fires pose serious environmental and economic risks across tropical, temperate, and boreal regions.
Traditional detection methods are often limited in accuracy and adaptability, motivating the use of deep learning for
automated solutions. While Convolutional Neural Networks (CNNs) have shown promise, fewer studies have systematically
examined hybrid models combining CNN feature extraction with recurrent layers such as Recurrent Neural Networks
(RNN), Long Short-Term Memory (LSTM), and Gated Recurrent Units (GRU). This study compares CNN-MLP, CNN-
RNN, CNN-LSTM, and CNN-GRU architectures on a public forest fire dataset, evaluating classification performance and
computational efficiency. Results show that CNN-GRU offers the best trade-off, closely matching CNN-MLP in accuracy
while requiring fewer resources. CNN-LSTM provides stable performance, whereas CNN-RNN underperforms and needs
refinement. Computational analysis further indicates that CNN-MLP is the the most resource intensive models with over 1
millions parameter. These findings highlight CNN-GRU as a strong candidate for real-time forest fire detection, balancing

accuracy and efficiency, and suggest future exploration of adaptive thresholds and transformer-based approaches.
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[. INTRODUCTION

Fires are recognized as a major destructive force
in forest ecosystems in tropical, temperate, and boreal
regions [1], and are considered a global problem that
affects vast areas of land [2]. Forest fires, largely
driven by human activities, significantly disrupt forest
ecosystems by altering nutrient cycles, soil properties,
species composition, and biodiversity, while also con-
tributing to soil degradation and nutrient loss [3]. In
addition of being driven by human activity, forest fires
can also be caused by a natural phenomenon which
can often be called wildfires [5]. Fire characteristics
such as frequency, size, intensity, and seasonal timing
strongly influence forest regeneration and long-term
stability of the ecosystem [4]. Given the rapid and
destructive nature of forest fires, early and accurate
detection is needed to enable early intervention and
mitigate environmental and economic damages.

Early forest fire detection relied mainly on con-
ventional ground-based methods such as guard towers
placed at elevated locations [7] and the Osborne Fire
Finder, a topographic disk tool used to visually detect

smoke and flames [8]. However, these techniques were
limited by the unreliability of human observers and
the harsh conditions of remote fire-prone areas, which
reduced their effectiveness [9]. To overcome these
limitations, satellite-based systems such as the Mod-
erate Resolution Imaging Spectroradiometer (MODIS)
in Canada and the Advanced Very High Resolution
Radiometer (AVHRR) in China were adopted [10].
While these systems provided broader coverage, they
were constrained by environmental and technical fac-
tors, including terrain, cloud cover, and smoke from
industrial activities, often resulting in reduced accuracy
[7]. To address these challenges, an improved AVHRR-
based method was later proposed, which automatically
adapts threshold values using historical data to achieve
higher fire discrimination with fewer false alarms,
successfully detecting over 75% of significant fires in
cloud-free regions with fewer than 20% false alarms

[6].

Despite the progress of the traditional forest fire
detection method by traditional means, their limitation
in accuracy, time, and adaptability highlight the need
for a more robust detection system. Therefore, re-
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searchers have increasingly turned to machine learning
and, more recently, deep learning approaches for forest
fire detection. For example, UAV-based platforms com-
bined with YOLOv3 have been successfully applied to
real-time forest fire monitoring [11], similarly, transfer
learning with CNNs has been explored for fire and
smoke detection [12]. Furthermore, multimodal fusion
methods such as Fire-Net have leveraged both optical
and thermal bands in detecting active fires across
diverse global regions [13]. Although these studies
have established CNN-based models as highly capable
for fire detection, most of them focused on static CNN
architectures without deeply exploring the integration
of recurrent layers or systematically addressing the
trade-offs between detection performance and
computational efficiency.

While prior studies have demonstrated the effec-
tiveness of Convolutional Neural Networks (CNNs) in
detecting forest fires, there has been limited exploration
of hybrid architectures that combine CNN feature
extraction with recurrent layers such as RNN, LSTM,
and GRU. Moreover, few works have systematically
compared these approaches in terms of both classifi-
cation accuracy and computational efficiency, which is
crucial for real-time forest fire detection scenarios. In
this study, we investigate the extent to which CNNs can
effectively extract discriminative features from forest
fire datasets, examine how recurrent-based models such
as RNN, LSTM, and GRU perform in distinguishing
fire from non-fire cases, and analyze the trade-offs
between predictive accuracy and computational com-
plexity across the developed models. Building upon
these objectives, the main contributions of this work
are as follows:

a) Proposing a CNN-MLP baseline and recurrent-
enhanced architectures (CNN-RNN, CNN-
LSTM, and CNN-GRU).

b) Benchmarking these models on a binary forest
fire classification dataset.

c) Analyzing the trade-offs between detection per-
formance and computational cost.

Thereby, offering more insights into the practicality of
recurrent-enhanced deep learning models for real-time
fire detection applications.

II. LITERATURE REVIEW

A. Conventional and Remote Sensing Fire Detection
Methods

Traditional fire detection relied on point-based ob-
servation systems such as guard towers and Osborne
Fire Finders [7], [8]. While these techniques provided
localized monitoring, they were prone to human er-
ror and unreliable under harsh conditions in remote
fire-prone areas [9]. To expand monitoring coverage,
satellite-based methods such as MODIS in Canada
and AVHRR in China were employed [10]. These

systems exploited thermal and mid-infrared bands for
detecting active fires and hot spots, offering broader
observation capabilities than ground-based approaches
[14]. However, their effectiveness was constrained by
factors such as limited revisit frequency, cloud cover,
terrain, and smoke from industrial sources, which often
reduced their operational utility [7].

In addition to long-range satellite monitoring, re-
mote sensing instruments mounted on fixed fire-watch
towers have been used to detect either hot spots
or smoke plumes in surrounding areas [14]. While
continuous in principle, these systems also suffered
from interference and lacked adaptability across di-
verse environmental conditions. Conventional sensor-
based technologies were similarly constrained. Point-
type smoke and temperature detectors, for instance,
rely on photoelectric or thermistor-based designs but
are ineffective in large, high-ceilinged spaces where
smoke disperses slowly and temperature gradients di-
minish before reaching sensors [15], [16]. Line-type
beam smoke detectors improved coverage in open areas
but remained vulnerable to environmental dust, shield-
ing by equipment, and false alarms from installation
conditions [17], [18]. Infrared and ultraviolet flame
detectors enhanced detection sensitivity by capturing
characteristic flame emissions, yet they were easily
disrupted by radiation from electronic equipment, dust
accumulation, and environmental interference [19]-
[22]. Aspirating smoke detectors, designed to ac-
tively sample air for smoldering fire detection, offered
quicker responses but struggled to localize fire sources
in large buildings, delaying suppression efforts [23]-
[25]. Comparative evaluations show that while each
detector type has unique strengths, they are hindered
by maintenance demands, susceptibility to false alarms,
and limited adaptability in complex environments [26].

Overall, although conventional and remote sensing
fire detection technologies have provided valuable tools
for monitoring fire-prone regions, their reliance on
static thresholds, environmental sensitivity, and opera-
tional inefficiencies have restricted their broader appli-
cability. These shortcomings underscore the necessity
of exploring advanced approaches, particularly ma-
chine learning and deep learning methods, which can
provide greater adaptability, robustness, and accuracy
in real-time forest fire detection.

B. Machine Learning and Deep Learning in Fire De-
tection

Recent research highlights the growing role of Al-
based vision systems in automating fire monitoring.
UAV platforms equipped with CNNs not only pro-
vide mobility but also enable cost-efficient, real-time
surveillance of fire-prone regions [11]. Deep learning
has further enabled more accurate detection of smoke
and small-scale fires through transfer learning and
novel training strategies [12]. Fire-Net exemplifies the
integration of advanced CNN structures with remote
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sensing data, demonstrating robust performance across
geographically diverse forests [13].

Several studies have compared traditional machine
learning models with deep learning frameworks in
fire detection. Image-based fire detection demonstrates
that CNNs significantly outperform conventional al-
gorithms, achieving accuracy rates of up to 99.3%
[27]. Other comparative studies involving support vec-
tor machines, decision trees, logistic regression, and
multilayer perceptrons show that the MLP model
performs best, with an accuracy of 0.997 and sta-
ble training dynamics [28]. The introduction of the
DeepFire dataset enables systematic benchmarking
across models, where VGG19-based transfer learning
demonstrates superior performance with 95% accuracy,
95.7% precision, and 94.2% recall [29]. An improved
Detectron2-based model using a custom dataset of
5,200 images achieved a precision of 99.3% and
demonstrated effective detection of small fires over
long distances [30]. Similarly, an optimized YOLO
model for flame detection surpassed shallow learning
approaches, achieving 76% accuracy [31]. A hybrid
pipeline combining CNN feature extraction with logis-
tic regression yielded 94.1% accuracy for daytime and
94.8% for nighttime scenarios while also estimating
flame-affected areas with fewer false positives [32].

While these studies demonstrate significant progress
across CNN-based, hybrid, and object detection frame-
works, they primarily emphasize static spatial recog-
nition. Since the dataset in this study consists of
independent frames and does not exhibit temporal
dependencies as found in video-based data, the analysis
is limited to spatial representations within each frame.
However, the temporal evolution of fire signals remains
an underexplored aspect, highlighting the potential
of integrating recurrent architectures such as RNNs,
LSTMs, and GRUs with CNNs to capture spatiotempo-
ral dynamics and enhance detection reliability in future
research.

C. CNN in Image Classification

The emergence of deep learning, particularly Con-
volutional Neural Networks (CNNs), marked a sig-
nificant advancement in fire detection. CNNs have
proven highly effective in spatial feature extraction and
image classification across various domains such as
smoke detection and environmental monitoring. UAV-
based fire detection systems, for example, achieved an
83% recognition rate using a YOLOv3-enhanced CNN
for real-time aerial imagery analysis [11]. Similarly,
transfer learning approaches combined with Learning
without Forgetting (LwF), LwWF itself is an approach
that enables model to learn new tasks while retaining
performance on previously learned tasks [39], thereby
allowed CNNs to adapt to new datasets while retaining
prior classification capabilities, thus enhancing robust-
ness in smoke detection tasks [12]. Moreover, multi-
modal frameworks such as Fire-Net, which fused opti-

cal and thermal imagery, achieved detection accuracy
exceeding 97%, demonstrating the potential of CNNs
in large-scale monitoring across diverse ecosystems
[13].

Recent studies further emphasize CNNs as the
backbone of many high-performing fire detection sys-
tems. Detectron2-based CNN models achieved preci-
sion rates 99.3% in distinguishing small-scale fires
even under challenging conditions, benefiting from
custom datasets with thousands of annotated images
[30]. Transfer learning with CNNs has also been shown
effective in forest fire detection, with VGG19-based
models trained on the DeepFire dataset reaching 95%
accuracy, precision, and recall [29]. Additionally, CNN
feature extraction combined with Logistic Regression
achieved over 94% accuracy in both daytime and
nighttime scenarios while reducing false positives in
estimating flame-affected areas [32].

Collectively, these results demonstrate the versatility
and effectiveness of CNNs in handling various fire de-
tection tasks, from UAV-based surveillance and video
flame detection to multimodal fusion and hybrid clas-
sification pipelines. Their proven success in spatial im-
age analysis establishes CNNs as a robust foundation
for more advanced architectures that integrate temporal
modeling layers. In relation to our own study, this
body work provides a reason for adopting CNNs as the
primary component for spatial feature extraction from
individual data sets. Since our dataset consists of inde-
pendent frames without temporal dependencies, CNNs
serve as an appropriate baseline to capture discrimina-
tive spatial patterns. Building upon this foundation, our
research further explores how recurrent-based models
such as RNN, LSTM, and GRU can be incorporated
to model temporal dependencies and enhance classifi-
cation performance, while also examining the trade-
offs between predictive accuracy and computational
complexity across the developed architectures.

III. RESEARCH METHOD
A. Dataset description

The dataset employed in this study was obtained
from a publicly available repository on Mendeley Data
[33], accessible at FireDataset.

It consists of labeled fire and non-fire images
collected from diverse scenarios, including forested
regions, open areas, and mixed vegetation. The dataset
captures variations under both daytime and nighttime
conditions, with environmental challenges such as fog,
clouds, and human presence that may contribute to
false alarms.

In total, the dataset comprises 2000 images, with a
balanced distribution across the two classes (fire and
non-fire). Each image was standardized to a fixed input
resolution of 768 X 768 pixels, and pixel intensities
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were normalized to the range [0, 1] for training stabil-
ity.

For model evaluation, we adopted a 5-fold stratified
cross-validation scheme, ensuring that each fold pre-
served the ratio of 80% Train and 20% Test samples.
This approach reduces sampling bias and yields a more
robust estimation of classification performance.

B. Model architecture

1) CNN-MLP baseline

The baseline model, illustrated in Fig. 1, follows
a conventional CNN-MLP pipeline. The CNN com-
ponent is responsible for spatial feature extraction,
where convolutional layers capture local patterns such
as edges, textures, and color variations by leveraging
filters for corresponding RGB channels, followed by
activation and pooling layers to reduce dimensionality
while preserving key spatial information. The resulting
feature maps are then flattened and passed into a fully
connected multilayer perceptron (MLP), which per-
forms binary classification into the two target classes:
fire and non-fire. This architecture focuses solely on
learning spatial representations, without accounting for
the temporal dynamics present in sequential fire im-
agery. The absence of recurrent layers in this baseline
design is intentional, as the model aims to isolate
the performance of spatial feature extraction alone
before incorporating temporal modeling in subsequent
recurrent-based architectures.

2) CNN-recurrent model

To capture both spatial and temporal features, the
CNN-MLP baseline is extended with recurrent layers,
as shown in Fig. 2. The CNN block extracts spatial
features, which are then passed to recurrent layers
before the fully connected classifier. Depending on the
configuration, this recurrent layer may consist of an
RNN, an LSTM, or a GRU, each of which processes
the sequential patterns differently:

- CNN-RNN: Incorporates a standard recurrent
neural network layer. RNNs process input se-
quences step by step, passing hidden states across
time. While effective for short-term dependen-
cies, they suffer from vanishing gradients, which
reduces their ability to model long-term temporal
dependencies [35].

- CNN-LSTM: Replaces the RNN with long short-
term memory (LSTM) units. LSTMs mitigate
vanishing gradient issues by using memory cells
and gating mechanisms (input, forget, and out-
put gates). This design enables them to capture
both short- and long-term temporal dependen-
cies, making them highly effective for complex
sequential tasks [36].

- CNN-GRU: Uses gated recurrent units (GRUs),
which simplify the LSTM architecture by com-
bining the forget and input gates into a single up-
date gate. GRUs achieve comparable performance

to LSTMs with fewer parameters, offering a
computationally efficient alternative for modeling
sequential dependencies [37].

These recurrent-enhanced models jointly leverage
CNN-based spatial learning and recurrent-based tem-
poral sequence modeling, thereby improving the sys-
tem’s ability to detect and classify fires in challenging
scenarios.

C. Experimental setup

The proposed models were trained and evaluated
under a consistent experimental setup to ensure fair
comparison and reliable performance estimation across
all architectures. The main configurations are summa-
rized as follows:

- Loss function: Binary cross-entropy (BCE) loss
was employed, as the task is a binary clas-
sification problem with two target classes: fire
and non-fire. BCE effectively penalizes incorrect
predictions by measuring the difference between
predicted probabilities and ground-truth labels,
making it a standard choice for binary classifi-
cation tasks.

- Optimizer: The Adam optimizer was utilized
to update network weights. Adam combines the
advantages of adaptive gradient algorithm (Ada-
Grad) and root mean square propagation (RM-
SProp), offering efficient training with adaptive
learning rates and momentum. This makes it
suitable for complex models such as CNNs and
recurrent networks.

- Learning rate: The initial learning rate was set to
1 x 1073 which balances convergence speed and
training stability. A smaller learning rate would
slow convergence, while a larger one could lead
to instability or divergence.

- Validation strategy: To mitigate overfitting and
ensure robust performance evaluation, a 5-fold
cross-validation strategy was applied. The dataset
was partitioned into five folds, with four folds
used for training and one fold for validation in
each iteration. Final performance metrics were
averaged across all folds.

- Training epochs: The number of epochs was
chosen empirically based on model convergence.
The CNN-RNN model was trained for 80 epochs,
while both CNN-LSTM and CNN-GRU models
were trained for 50 epochs. This adjustment
reflects differences in convergence behavior, as
recurrent architectures with gating mechanisms
(LSTM, GRU) typically converge faster and are
less prone to vanishing gradients than vanilla
RNNs.

- Batch size: A batch size of 512 was used across
all experiments. This choice balances compu-
tational efficiency and gradient stability. Larger
batch sizes improve parallelization on GPU hard-
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Fig. 2. CNN-recurrent model architecture

ware but may reduce generalization, whereas
smaller batch sizes often lead to noisier updates.

This setup ensures consistent comparison between
architectures while also leveraging optimization strate-
gies commonly used in deep learning for image clas-
sification and sequence modeling tasks.

D. Evaluation metrics

To comprehensively assess the performance of the
proposed models, we employ multiple evaluation met-
rics that capture classification quality, discriminative
ability, regression-style explanatory power, and com-
putational complexity.

1) Classification metrics

The confusion matrix is constructed using true posi-
tives (TP), true negatives (TN), false positives (FP), and
false negatives (FN). From this, several performance
measures are derived:

TP+ TN

Accuracy = 1)
TP+ FP+ TN + FN
TP

Precision= (2)

TP + FP

TP
Recall = (3)
TP + FN

Precision X Recall
F1=2X — (4)
Precision + Recall

Accuracy provides an overall correctness measure,
while precision highlights the proportion of correctly
predicted fire instances among all predicted fires. Re-
call emphasizes sensitivity, i.e., the ability to detect
actual fire occurrences, and the F1-score balances
precision and recall.

2) AUC score

The area under the ROC curve (AUC) evaluates the
trade-off between true positive rate (TPR) and false
positive rate (FPR) across different thresholds:

TP
TPR= ___ 5
= (5)
FP
FPR=_"_ 6)
N
n—1
AUC = (FPRk+1*FPRk)'2(TPRk+TPRkQ_ [7)
k=1

Here, P represents the total number of positive in-
stances, while N denotes the total number of neg-
ative instances. According the AUC, k and k + 1
correspond to adjacent points on ROC curve, which
are derived from consequtive classification thresholds.
Higher AUC values indicate stronger discriminative
capability of the model in distinguishing between fire
and non-fire classes.

3) R-squared score

In addition to classification-based metrics, we also
report the coefficient of determination (R?), which
measures how well the predicted outputs approximate
the ground-truth values:

>m (Yi — YA,')Z
2 =1
=1— — 8
R =1 ‘EEZBZ:Taj 8)

Suppose y; is the actual label e.g 0 or 1, yi is proba-
bility predicted by the model for positive instances,
and y is the mean of all actual labels. Although
more common in regression, the R? score provides
additional insight into the variance explained by the
model predictions.

4) Model complexity

To complement predictive performance, we an-
alyze the computational cost of each architecture.
Model complexity is estimated using the theoretical
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number of floating-point operations (FLOPs), multi-
ply-accumulate operations (MACs), and trainable pa-
rameters across all neural network layers. For this
purpose, we employ the open-source Calflops tool [38],
which provides a reliable theoretical model complexity
estimation for PyTorch-constructed models.

IV. RESULTS

Our extensive experiment on developing the four de-
termined models yields a model architecture illustrated
in Fig. 3. All models used the identical CNN block,
which consists of a two-dimensional convolutional
layer followed by ReLU as well as max pooling layer.
We bifurcated the advance stages into two different
computations exclusively to manage specific models
input size.

Input
S S

CNN

RelLU

RelU

L]

Permute
4
Reshape

S —

RNN  LSTM | GRU
i 1} !

MLP

Sigmoid
|

Cow

Fig. 3. Models Architectures

Flatten

The first is merely one operation, flattening the
extracted features from RN*¢*H*W to RN*F | The
learned feature maps, height, and width relative to
the image, which are the last three dimensions of
the extracted features, are multiplied to obtain F,
denoting flattened features. The N is preserved since
it represents the batch size of the data. Subsequently,
the flattened features are fed into the MLP for binary
classification training.

The second is special to the recurrent-based models,
dedicated to arranging extracted features in a sequential
timestep fashion. The permute operation changed the
order of extracted feature sizes from RN*¢*H*W
to RN*H*W " The following operation is similar
to the flatten operation, yet only multiplies the last
two dimensions to produce RV*H*T feature size,
acquisitioning T, which depicts all channel features.
Those operations aim to exploit each row of pixels
as a sequence, in which an individual row is a step.
This approach enables the model to learn horizontal
spatial continuity, leading to computationally more

compomise compared to full 2D recurrent models that
simultaneously process both row and column depen-
dencies. In addition, the horizontally captured depen-
dencies allows our model to discern deviations from
a typical vertical forest composition, particularly in
the presence of disruptive elements such as flame and
smoke. Consequently, all transformed features are fed
into the recurrent-based models for capturing feature
patterns across rows. Finally, we passed MLP the
last timestep of the recurrent layers, which contains
a summary of the whole sequence.

The performance of all models in a stratified 5-
fold cross validation setting is revealed by taking the
average performance of the 5 folds. As shown in
Table 1, the CNN-MLP model achieved the highest
performance, and the CNN-RNN model achieved the
lowest. CNN-LSTM and CNN-GRU, which contain
more advanced recurrent layers, outperformed CNN-
RNN, which contains ordinary recurrent layers. In ad-
dition, the R? of the CNN-RNN remained significantly
different from other models, which means CNN-RNN
is worse than the others when attempting to explain
the proportion of variance in the target variable.

Table 2 captures the individual complexity of the
models in Giga MACs (GMACs) and Giga Flops
(GFLOPs) units of measure when done forward (fwd)
and forward-backward (fwd+bwd) propagation for one
step on batch size of 256, describing computational
resource requirements during inferencing and training,
CNN-MLP is the most complex model, with just over
1 million parameters and more than triple the computa-
tional cost of the recurrent-based models. CNN-RNN is
the least complex model, while CNN-LSTM and CNN-
GRU have three times and twice as many parameters.
Nevertheless, all recurrent-based models had similar
MACs throughout the forward and forward-backward
passes.

V. DISCUSSIONS

Through rigorous experimentation and iterative re-
finement, we uncovered several critical insights that
significantly contributed to the successful design of
the proposed architecture. At the beginning of the
experiment, we applied the first CNN block of the Tiny
VGG architecture as well as the same parameters in
[34]. Subsequently, we managed to assemble it with
the four determined models. As the starting point we
proceeded to train the CNN-MLP models. We found
that as the hidden unit increased the performance got
lower. Thus, we tried to low the hidden unit size up to 2
and adjusted the parameters of the CNN block. Finally,
we revealed the best fit hidden size as 8 followed by the
tuned CNN block parameters, which have kernel size
= 3, stride = 1, padding = 0, and dilation = 1 for the
convolution layers and kernel size = 3 as well as stride
= 2 for the max pooling layer. Those parameters led the
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Table 1. Models performance

Models Acc | Prec | Rec F1 | AUC | R?
CNN-MLP 094 | 094 | 094 | 094 | 094 | 0.77
CNN-RNN 081 | 085 | 081 | 0.81 | 0.81 | 0.25
CNN-LSTM | 091 | 092 | 091 | 091 | 091 | 0.65
CNN-GRU 093 | 093 | 093 | 093 | 093 | 0.70

Table 2. Models Complexity
Models GMACs GFLOPs Parameters
fwd fwd + bwd fwd fwd + bwd
CNN-MLP 118.81 356.44 243.61 730.84 1.16 M
CNN-RNN 37.74 113.22 78.33 234.98 27.39 K
CNN-LSTM 37.74 113.22 81.92 245.75 101.22 K
CNN-GRU 37.74 113.22 80.72 242.16 76.61 K

CNN-MLP to achieve such performance outperformed
the recurrent-based models.

The same obstacle was also experienced by the
recurrent-based models but easier for CNN-LSTM and
CNN-GRU since we had obtained the baseline archi-
tectures from the CNN-RNN. We followed the same
strategy for training the CNN-RNN, where we trained
it with such a high hidden unit and the preserved
CNN block parameters. Unfortunately, the setting led
the models to underperform. To the end of this, we
played along by preserving the CNN block parameters
but tuned the hidden unit. Since the result was also
unsatisfactory, we not only adjusted the CNN block
parameters but also the hidden size as well. Ultimately,
we revealed kernel size = 3, stride = 2, padding = 0,
and dilation = 1 attributed the convolution layers and
kernel size = 3 and stride = 2. In addition, the best fit
hidden size was 16 for a RNN layer. The CNN-LSTM
and CNN-GRU also attained their best performance in
the same setting. We attempted to improve it by per-
muting the combination of the parameters and adding
batch normalization layers after convolution layer, yet
yielded decreased performance.

According to the revealed best fit parameters for
individual models, it make sense for the CNN-MLP to
require such theoretically expensive computational cost
compared to the recurrent-based models. The CNN-
MLP required a stride of 1 instead of 2 as in the
recurrent-based models. The low number of strides
did not allow the extracted features to be extremely
reduced against the height and width of the original
size. Therefore, the extracted features were reduced
more in the CNN-RNN, CNN-LSTM, and CNN-GRU
compared to the CNN-MLP.

Table 3. CNN-MLP Forward Pass Complexity Percentage

CNN-MLP

Layers MACs | FLOPs | Parameters
Conv2d 2731 27.13 0.02

ReLU 0.00 0.49 0.00
Conv2d 72.44 71.15 0.05

ReLU 0.00 0.49 0.00

MaxPool2d 0.00 0.49 0.00

Linear 0.25 0.24 99.93
Sigmoid 0.00 0.00 0.00

Total 100% 100% 100%

Table 4. CNN-RNN Forward Pass Complexity Percentage

CNN-RNN
Layers MACs | FLOPs | Parameters

Conv2d 42.99 42.19 1.64
ReLU 0.00 0.77 0.00
Conv2d 57.01 55.13 8.47
ReLU 0.00 0.19 0.00
MaxPool2d 0.00 0.19 0.00
RNN 0.00 153 89.83
Linear =0 =0 0.06
Sigmoid 0.00 0.00 0.00
Total 100% 100% 100%

Table 5. CNN-LSTM Forward Pass Complexity Percentage

CNN-LSTM
Layers MACs | FLOPs | Parameters
Conv2d 42.99 40.34 0.44
ReLU 0.00 0.73 0.00
Conv2d 57.01 52.72 2.29
ReLU 0.00 0.18 0.00
MaxPool2d 0.00 0.18 0.00
LSTM 0.00 5.84 97.25
Linear = 0.00 | = 0.00 0.02
Sigmoid 0.00 0.00 0.00
Total 100% 100% 100%

Table 6. CNN-GRU Forward Pass Complexity Percentage

CNN-GRU
Layers MACs | FLOPs | Parameters

Conv2d 42.99 40.94 0.58
ReLU 0.00 0.74 0.00
Conv2d 57.01 53.50 3.03
ReLU 0.00 0.19 0.00
MaxPool2d 0.00 0.19 0.00
GRU 0.00 4.45 96.36
Linear = 0.00 | = 0.00 0.02
Sigmoid 0.00 0.00 0.00
Total 100% 100% 100%

We systematically displayed the percentages of
the individual constructing layers for every model as
shown in Table 3, 4, 5, and 6. The percentages dis-
played in those tables originated from the forward pass
phase, which represents the requirement of the model
during classification. We did this to gain deeper insight
about how each layer contributed to the complexity
once the model was assigned. As shown in Table
3, CNN-MLP, had the resource-intensive layer at the
second convolution layer by just over 71% for its
MACs and FLOPs and possessed the largest parameters
laid in the linear layer by 99.93%. Conversely, the
recurrent-based models did not show the significant
macs and flops gap between the first and the second
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convolutional layer compared to the CNN-MLP, which
means the recurrent-based models had more evenly
distributed computation. In addition, their parameter
number was centered around its recurrent layer, con-
tributing more than 89 percent of all parameters for
individual models.

We evaluated the storage size of the saved models
and observed notable variations across architectures.
Specifically, the CNN-GRU model required 306 KB,
the CNN-LSTM model 403 KB, and the CNN-RNN
model 114 KB. In contrast, the CNN-MLP exhibited
a substantially larger size of 4.545 KB. This out-
come aligns with expectations, as the MLP lacks the
parameter-sharing mechanisms inherent to recurrent
models, resulting in a significantly larger model size.
The pronounced discrepancy underscores the structural
differences between recurrent-based architectures and
fully connected networks, particularly regarding pa-
rameter efficiency.

VI. CONCLUSIONS

We conclude our research by stating that for fire and
non-fire forest classification task, CNN-MLP model is
computationally heavier to achieve tremendous com-
pared to the CNN-GRU, which approximately chases
the performance of CNN-MLP by only one less differ-
ence at confusion matrix. Also, CNN-LSTM is a viable
option for the implementation of the classification task
since the performance remains stable. Meanwhile, the
CNN-RNN requires more enhancement so it can better
explain the variability of the target during predicting.
We recommend further research to adjust the threshold
of the binary classification since in this research we set
it to be 0.5, which means if the probability is less than
0.5 it is considered non-fired and if it is greater or equal
to 0.5 it is considered as fired. The goals of the trials
may reveals underexplored insight to the real world
application, although false alarm may be higher, but
safer. Another recommendation is to explore state-of-
the-art of transformer models, which possess attention
behaviour combined with superpixel algorithms.
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