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Abstract: Indonesia is one of the countries with a high incidence of forest and land
fires (karhutla), especially during the dry season, thus requiring a fast and efficient
early detection system. This study aims to compare the performance of two popular
deep learning architectures, namely MobileNetV3 (Large and Small variants) and
ResNet50, in forest fire image classification tasks using a transfer learning-based
approach. This study emphasizes the comparison between accuracy and
computational efficiency in a CPU-only environment, which represents real-world
conditions of use in the field without GPU support. The dataset used is a combination
of local field images from the Puncak area, Bogor, and a curated public forest fire
dataset to ensure the model's generalization ability to diverse geographical
conditions. The results of the experiment show that ResNet50 provides the highest
accuracy with a training accuracy value of 0.677 and a validation accuracy of 0.647,
but requires longer training and inference times. Meanwhile, MobileNetV3-Large
and MobileNetV3-Small showed better computational efficiency, with only slightly
lower accuracy (0.635 and 0.61) and high training stability. These findings confirm
that lightweight models such as MobileNetV3 strike an optimal balance between
accuracy, speed, and resource consumption, making them an ideal solution for
implementing edge computing-based early detection systems. Overall, this research
contributes by providing an empirical comparative analysis that can serve as a
reference for selecting deep learning architectures for efficient and adaptive forest
fire detection systems that are constrained by hardware limitations.

Keywords: Deep Learning, Forest Fires, Image Classification, MobileNetV3,
ResNet50.

INTRODUCTION

Indonesia is a country characterized by vast tropical forests that serve as critical ecosystems supporting
biodiversity and contributing significantly to global carbon absorption. However, these natural resources are
increasingly threatened by recurring forest and land fires, especially during prolonged dry seasons influenced by
climate anomalies such as El Nifio. These fires not only destroy ecosystems and reduce biodiversity but also
produce dense smoke that severely impacts human health and causes transboundary air pollution(Barmpoutis et
al., 2020; Guede-Fernandez et al., 2021). The economic losses and environmental degradation resulting from such
fires are immense, making early detection and rapid response essential components of effective mitigation efforts
(Muhammad et al., 2018). Detecting fires at an early stage allows authorities to respond before they spread
uncontrollably, reducing the potential damage to both the environment and local communities.

Traditional detection methods, such as manual ground patrols or visual observation from watchtowers
(Barmpoutis et al., 2020), have long been used in Indonesia. However, these conventional approaches are
constrained by several factors including limited coverage, slow response times, and heavy dependence on weather
and geographic conditions (Barmpoutis et al., 2020). Satellite-based observation systems can cover larger areas
but are limited by their temporal resolution and cloud cover interference, which often delay fire detection (El-
Madafri et al., 2023). As a result, there is an increasing need for automated systems capable of performing real-
time analysis of image data obtained from drones, surveillance cameras, or satellites (Zhao et al., 2018). Advances
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in computer vision and deep learning provide a promising solution by enabling machines to identify fire and smoke
patterns automatically, efficiently, and accurately .

Deep learning, particularly Convolutional Neural Networks (CNNs), has become the most widely adopted
technique in visual recognition tasks because of its ability to automatically learn hierarchical features from raw
images (Krizhevsky et al., 2012). Various studies have successfully applied CNNs for forest fire detection,
outperforming traditional rule-based or color-segmentation methods (Shi et al., 2024). However, several technical
challenges remain unresolved, especially regarding model selection and optimization for real-world deployment.
Each CNN architecture exhibits different characteristics that result in trade-offs between accuracy, computational
efficiency, and inference speed (Vdovjak et al., 2022). Deep and complex models generally provide higher
accuracy but demand substantial computational resources, while lightweight models are more efficient but may
suffer from reduced precision in complex scenes(A. G. Howard et al., 2017). Therefore, finding the right balance
between accuracy and efficiency is crucial for developing an effective forest fire detection system that can operate
in resource-limited environments.

MobileNetV3 and ResNet50 are two well-established CNN architectures that represent contrasting approaches
to this trade-off. MobileNetV3 is designed for devices with limited computational capacity, such as mobile phones,
drones, or loT-based environmental sensors. It employs Depthwise Separable Convolutions (A. G. Howard et al.,
2017) combined with Neural Architecture Search (NAS) and Squeeze-and-Excitation (SE) modules to achieve
high efficiency and reduced computational cost without severely compromising accuracy(A. Howard et al., 2019;
Hu et al., 2018). This makes MobileNetV3 particularly suitable for real-time edge computing applications. In
contrast, ResNet50, introduced by He et al. (2016), is a deeper and more complex network that utilizes residual
learning through skip connections to overcome the vanishing gradient problem. This design allows ResNet50 to
extract rich feature representations from images, achieving superior accuracy across various computer vision tasks
(Hindarto, 2023), but at the cost of longer inference times and higher energy consumption (Vdovjak et al., 2022).

Previous studies have employed ResNet architectures for smoke and fire detection with strong classification
accuracy but relatively high computational overhead (Vdovjak et al., 2022). Conversely, MobileNetV3 has been
effectively used for image recognition tasks on mobile and embedded systems due to its lightweight structure and
faster inference capabilities(Shi et al., 2024; Zheng et al., 2023). Despite these findings, comprehensive
comparative studies (Hindarto, 2024) that analyze both models within the same experimental framework remain
limited. In particular, very few studies have evaluated their performance in CPU-only computing environments
(Vdovjak et al., 2022), which are more representative of real-world edge deployment conditions. Furthermore,
most prior works rely solely on public datasets that may not fully capture the visual characteristics of tropical
forest fires in Indonesia, such as dense vegetation, heavy smoke, and varying illumination (Akagic & Buza, 2022;
El-Madafri et al., 2023).

This study conducts a comparative experimental analysis to evaluate the performance of MobileNetV3 (Large
and Small variants) and ResNet50 models in forest fire image classification. The dataset combines public forest
fire datasets with field images collected in the Puncak region of Bogor, Indonesia, to enhance model generalization
through diverse visual and environmental conditions. Using transfer learning, the models were trained to accelerate
convergence and improve accuracy despite limited data. Model performance was evaluated based on accuracy,
and inference time under CPU-only conditions, representing realistic scenarios for low-cost early fire detection
systems without advanced hardware. The findings are expected to identify the most efficient and accurate CNN
architecture for adaptive and sustainable environmental monitoring and early warning systems in Indonesia.

LITERATURE REVIEW

The use of deep learning techniques, particularly Convolutional Neural Networks (CNN), has become the
dominant approach for forest fire detection and classification due to its ability to automatically extract complex
visual features (Muhammad et al., 2018). Various studies show that CNN-based methods outperform traditional
techniques, especially in consistently detecting fire and smoke patterns under various lighting conditions (Frizzi
et al., 2016). However, challenges such as weather variations, fog, and visual similarities between clouds and
smoke remain significant obstacles (Barmpoutis et al., 2020). Therefore, CNN models that are not only accurate
but also computationally efficient are needed for application in real-time detection systems in the field.

The MobileNetV3 architecture was developed to address resource limitations on mobile and edge devices. This
model uses a combination of Depthwise Separable Convolution, Squeeze-and-Excitation (SE) (Hu et al., 2018),
and Neural Architecture Search (NAS) (A. Howard et al., 2019) to achieve a balance between accuracy and
computational efficiency. The MobileNetV3-Large variant is optimized for high accuracy, while MobileNetV3-
Small is designed for speed and power efficiency. In various studies, MobileNetV3 has demonstrated good
performance for classification and detection tasks with significantly lower memory consumption and inference
time compared to conventional CNN models (Zheng et al., 2023). This makes it an ideal candidate for drone-based
(UAV) or embedded ground sensor forest fire monitoring systems operating in remote areas (Shi et al., 2024; Zhao
etal., 2018)
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Meanwhile, ResNet50 is a deep network architecture introduced by (He et al., 2016) through the concept of
residual learning. ResNet uses skip-connections or shortcut connections to overcome the vanishing gradient
problem, allowing deeper networks to be trained more stably. ResNet50 has a high ability to extract complex and
deep features, making it a popular model for image classification in various domains, including smoke and fire
detection (Vdovjak et al., 2022). However, due to its large number of parameters, ResNet50 requires higher
computational power and memory than MobileNet, making it less ideal for devices with limited resources
(Vdovjak et al., 2022).

Previous studies have compared the performance of MobileNet and ResNet for fire classification and found that
MobileNet has a significant computational advantage (Vdovjak et al., 2022). In the context of forest fires, studies
directly comparing these two architectures are still ongoing. In addition, many previous studies have only used
existing public datasets, which often lack diverse data representation, especially in terms of geographical
conditions, vegetation types, and visual confounding elements such as fog or sunlight reflection (EI-Madafti et al.,
2023). Therefore, this study attempts to fill this gap by presenting an empirical analysis comparing MobileNetV3
and ResNet50 in forest fire image classification using a combination of local and public datasets.

METHOD
MobileNet

MobileNet is a Convolutional Neural Network (CNN) architecture designed to deliver high performance with
optimal computational efficiency. This model was introduced by (A. G. Howard et al., 2017) and further developed
into MobileNetV2 and MobileNetV3, with a focus on use in power-limited devices such as mobile phones, IoT,
and drones. The main advantage of MobileNet lies in its use of the Depthwise Separable Convolution technique,
which separates the convolution process into two stages: depthwise convolution to extract spatial features, and
pointwise convolution to combine features between channels (A. G. Howard et al., 2017). This strategy
significantly reduces the number of parameters and computational operations compared to standard convolution,
without a significant decrease in accuracy. Thus, MobileNet has become a popular choice for real-time vision
applications that require high efficiency, such as object detection and image classification on resource-constrained
devices.

The MobileNetV3 version is an improvement on the two previous generations, combining Neural Architecture
Search (NAS) (A. Howard et al., 2019) and Squeeze-and-Excitation (SE) blocks (Hu et al., 2018) to enhance the
representation of important features. This model comes in two variants, MobileNetV3-Large for higher accuracy
and MobileNetV3-Small for maximum computational efficiency. In addition, the use of Hard-Swish (h-swish)
activation replaces the traditional ReLU function and has been proven to improve non-linearity without adding
significant computational load. The combination of network structure optimization, new activation functions, and
SE blocks enables MobileNetV3 to achieve an ideal balance between accuracy and speed. Therefore, this model
is widely used in various research and practical implementations, including in deep learning-based forest fire early
detection systems.

1. Standard Convolution (As a Comparison)
In standard convolution, the number of operations (FLOPs) required is calculated as:

Cstandart = Dk X D X M X N X Dy X Dy (1)

Where:

Dy =kernel size (e.g., 3 for a 3x3 kernel),

M = number of input channels,

N = number of output channels,

Dr. = size of the output feature map (image height/width).

This formula shows that standard convolution has high complexity because each output channel is connected
to all input channels.

2. Depthwise Separable Convolution (Key Concepts of MobileNet)
MobileNet replaces standard convolutions with two separate operations:

(a) Depthwise Convolution
Performed one kernel per input channel:

Cdepthwise = Dg X Dy X M X Dp X Dg 2
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(b) Pointwise Convolution (1x1)
Combining depthwise results using convolution 1x1:

Cpointwise =M X N X D X Dg 3)
The total number of MobileNet operations is:
Cumobitenet = Dig X M X D + M X N X D “4)

3. Computational Efficiency Ratio
The efficiency comparison between MobileNet and standard convolutions is calculated as:

CMobileN 1
R = obileNet _ -
Cstandart N

+ )

=

For the kernel 3x3 (Dg = 3), value R = 0.11, This means that MobileNet is 8-9 times more efficient than
conventional convolutions — with very little loss in accuracy.

4. Depth Multiplier («)
MobileNet adds the a (alpha) to adjust the number of input and output channels, allowing the model to be
tailored to the device's requirements.

M =axM,N =axN (6)
Then the number of convolution operations becomes:

Chobitenor—a = DF X aM x D + a®M x N x D} )
The smaller the value of a(0 < a < 1), the lighter the model, but its accuracy may decrease.

5. Resolution Multiplier (p)
In addition to a, MobileNet also introduces p (rho) to adjust the image input resolution:

D' = p X Dg (®)
So the total number of MobileNet convolution operations becomes:
Ciotar = D} X aM X (pD)? + a®M X N X (pDp)?* (9
The parameter p typically has a value of 1, 0.75, 0.5, or 0.25, where the smaller the p, the faster the inference
process, but the less visual detail in the image.

Activation and Normalization Functions
Each convolution block is followed by:

y = ReLU6(BN (Cyopitenet(X))) (10)

Where:
BN = Batch Normalization untuk training stabilization,
ReLU6 = The activation function is limited to the range [0, 6] to be more efficient for mobile/edge devices.

Mathematical Conclusions of MobileNet
In general, MobileNet operations can be summarized as follows:

y = ReLU6(BN (PointwiseConv(DepthwiseConv(x)))) (11)

This approach enables MobileNet to achieve high computational efficiency while maintaining competitive
accuracy, making it ideal for real-time vision systems such as early forest fire detection.
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ResNet

ResNet50 (Residual Network 50 layers) is one of the Convolutional Neural Network (CNN) architectures
developed by (He et al., 2016) and has become an important milestone in the evolution of deep learning. Before
the emergence of ResNet, training very deep networks (more than 20-30 layers) often encountered vanishing
gradient and accuracy degradation problems, where adding layers actually caused the model's performance to
decline (He et al., 2016). ResNet overcomes this problem through the concept of residual learning, which involves
adding shortcut connections that allow gradients to flow directly to the previous layer without having to pass
through all the convolutional layers in between. This approach enables very deep networks—such as ResNet50
with 50 layers—to be trained stably, converge quickly, and produce high accuracy in image classification tasks.

The ResNet50 architecture consists of one initial convolutional layer followed by four main residual blocks,
with a total of 50 layers including Conv layers, Batch Normalization, ReLU activation, and a fully connected layer
at the end. Each residual block has a basic structure called an identity block and a convolutional block, both of
which use a skip connection in the form of the formula (x)+x, where F(x) is a non-linear transformation of the
input x (He et al., 2016). In this way, the network only needs to learn the residual function, not the direct function
from input to output, making it more efficient in feature learning. ResNet50 has proven to be superior in various
image recognition tasks such as ImageNet classification (Krizhevsky et al., 2012), object detection, and medical
imaging, due to its ability to extract deep features without losing important information from the early layers. This
model has become a widely used baseline backbone in various modern deep learning architectures, including
YOLO and Faster R-CNN.

1. Basic Concepts of Residual Learning
ResNet introduces the idea that layers in a network do not need to directly learn the target function H (x), but
rather only need to learn the residual function defined as:

F(x) = H(x) —x (1
Thus, its original function can be rewritten as:
Hx)=F(x)+x 2)

Description:
x : input from residual block.
F(x) : non-linear transformation resulting from multiple layers of convolution and activation
H(x) : target output of that block
2. Forward Process on Residual Block
The forward propagation process in a single residual block can be expressed as:
Yy =Fx (W) +x 3)
where :
y = output from the residual block
x = input to that block

F(x,{W;}) = the result of a series of convolution operations (Conv — BN — ReLU) with weight parameters
w;

If the input and output dimensions are different, a projection shortcut with 1x1 convolution is used, so that the
formula becomes:

y =F(x,{W}) + Wy (4)

where Ws is the weight of the 1x1 shortcut convolution that equalizes the channel dimensions.
3. Backpropagation Process in the Residual Block.

The advantage of ResNet lies in the ease of gradient flow. The derivative of the loss function L with respect to
the input x in the residual block is:

OL _ 0L (1+9F(x)
ax 9y Ak ®)

Because there is a “1” component of the shortcut connection, the gradient can flow directly to the previous
layer without experiencing a vanishing gradient.

This is why ResNet is capable of training very deep networks (up to hundreds of layers).
4. ResNet50 structure (bottleneck block)

ResNet50 uses a bottleneck block structure for efficiency, consisting of three convolutional layers.:
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F(x) = W30(BN (W0 (BN (W:x)))) (6)

where:

W;: convolution 1x1 (channel dimension reduction)
W,: convolution 3%3 (main feature extraction)

W5: convolution 1x1 (restoring the number of channels)
o: ReLU activation function

BN: Batch Normalization

So that the final output becomes:
y=F@)+x (M
5. Final Activation Function
After each residual block, the results are passed through the ReLU activation function to introduce non-
linearity:

Output = ReLU(F(x) + x) (®)

Mathematical Conclusions
The ResNet50 function series can generally be described as follows:

yL = x+ oy Fi(x, Wi) ©

where L is the total number of residual blocks. With this approach, ResNet maintains gradient stability while
improving the network's ability to learn complex features efficiently.

C. Data Collection and Dataset Description

Class: nofire Class: fire Class: nofire

Class: nofire Class: fire Class: nofire

R IS

Class: nofire Class: fire Class: nofire

Sy

Fig. 1 Image Dataset

Figure 1 presents a sample of augmented images used in the forest fire classification dataset, divided into two
main categories: fire and non-fire. The fire class contains images showing visible flames, smoke, and orange-red
color dominance representing active wildfire scenes. Meanwhile, the non-fire class includes images of forests,
rivers, and landscapes without any visible fire or smoke, serving as negative samples for classification. Various
augmentation techniques—such as rotation, brightness adjustment, zooming, and flipping—were applied to both
classes to enhance data diversity and improve model robustness in recognizing fires under different environmental
and lighting conditions.

The dataset used in this study is a combination of local field images and a public forest fire dataset, aiming to
obtain data that represent real field conditions while enhancing the model’s generalization capability. The local
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dataset was collected from the Puncak region, Bogor, Indonesia, using drone cameras and smartphone cameras
under various lighting conditions, levels of smoke density, and vegetation types. A total of 500 local images were
collected, consisting of 250 forest fire images and 250 non-fire images (normal forest areas without fire or smoke).
These local images represent the visual characteristics of tropical forest fires in Indonesia, providing realistic
context for model training and evaluation.

In addition to the local data, this study also utilized a public dataset sourced from the Wildfire Smoke Dataset
(El-Madafti et al., 2023), which contains approximately 2,700 annotated images. The public dataset includes
various wildfire conditions from different parts of the world, covering variations in fire intensity, smoke density,
visibility range, and environmental background. To ensure data quality, a data cleaning process was performed by
removing duplicate, corrupted, and irrelevant images. Furthermore, class balancing was applied to maintain a
proportional distribution between fire and non-fire images across the entire dataset.

All images underwent a preprocessing stage, which included resizing to 224x224 pixels, normalizing pixel
values to the [0,1] range, and applying data augmentation techniques to improve model robustness. The
augmentation techniques used included random rotation, horizontal flipping, brightness adjustment, and moderate
zooming to simulate diverse visual conditions without increasing the actual dataset size. This process aimed to
strengthen the model’s resilience against variations in lighting, camera angles, and fire shapes encountered in real-
world scenarios.

The combined dataset of 500 local images and 2,700 public images, resulting in a total of 3,200 images, was
split using a stratified sampling method to maintain balanced class distribution. The data were divided into 70%
for training, 15% for validation, and 15% for testing. The training set was used to train the model, the validation
set was employed to monitor model performance and prevent overfitting, while the testing set was used to evaluate
the model’s generalization ability on unseen data.

This dataset integration approach ensures that the MobileNetV3 (Large and Small) and ResNet50 models are
fairly tested in scenarios that reflect both real-world field conditions and global variations. Consequently, the
comparative performance analysis of these architectures provides comprehensive insights into the balance between
accuracy, computational efficiency, and generalization capability in forest fire image classification tasks.

RESULT

MobilenetV3Large

Fig. 2 Training MobileNetV3Large
Figure 2 shows the training process of the MobileNetV3-Large model until it reaches 100 epochs with
relatively stable results in each iteration. The training accuracy value ranges from 0.62 to 0.64, while the validation
accuracy is around 0.61, indicating that the model is able to maintain consistent performance without significant
overfitting. The loss and validation loss values also show good convergence in the range of 0.63, indicating that
the optimization process is running effectively and the model has reached a stable point. Overall, these results
show that MobileNetV3-Large successfully achieves a balance between accuracy and computational efficiency
during the training process for forest fire image classification.
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Fig. 3 Training Graft MobileNetV3Large

Figure 3 shows a graph of the MobileNetV3-Large model training results, illustrating the development of
accuracy and loss in the training and validation data over 100 epochs. The graph on the left shows a gradual
increase in training accuracy, reaching a value of around 0.63, while validation accuracy remains stable at around
0.61, indicating that the model has fairly good generalization capabilities. On the other hand, the graph on the right
shows a consistent decrease in loss values for both training and validation data, indicating that the learning process
is effective and convergent. Overall, these results indicate that MobileNetV3-Large is able to achieve a balance
between accuracy and efficiency with stable performance without significant signs of overfitting.
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Fig. 4 Training MobileNetV3Small

Figure 4 shows the training process of the MobileNetV3-Small model until it reaches 100 epochs with
relatively stable results throughout the training. The training accuracy value ranges from 0.61 to 0.62, while the
validation accuracy is constant at around 0.61, indicating that the model is at a consistent convergence point. The
loss and validation loss values also gradually decrease until they stabilize at around 0.64, indicating that the
learning process has achieved a balance between training and validation. Overall, these results show that

MobileNetV3-Small has efficient and stable performance, even though its accuracy is lower than larger variants
or models with deeper architectures.
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Fig. 5 Training Graft MobileNetV3Small

Figure 5 shows a graph of the MobileNetV3-Small model training results, illustrating the development of
accuracy and loss in the training and validation data during the training process. The graph on the left shows that
the training accuracy fluctuates in the range of 0.61 to 0.62, while the validation accuracy is relatively stable at
around 0.61, indicating that the model has reached a point of convergence without significant improvement. On
the other hand, the graph on the right shows a consistent decrease in loss values for both training and validation
data until both reach stability at around 0.64. Overall, these results show that MobileNetV3-Small is able to learn
efficiently and stably despite its lower architectural complexity, making it suitable for implementation on devices
with computational limitations.

Table 1 shows the training performance results of the three deep learning models used in this study, namely
ResNet50, MobileNetV3-Large, and MobileNetV3-Small. Based on accuracy and loss values, the ResNet50 model
obtained the best results with a training accuracy of 0.677 and a validation accuracy of 0.647, accompanied by the
lowest loss value among the three. Meanwhile, MobileNetV3-Large showed moderate performance with a training
accuracy of 0.635 and a validation accuracy of 0.614, while MobileNetV3-Small produced the lowest accuracy
but remained stable with high efficiency. Overall, this table indicates a trade-off between accuracy and
computational efficiency, where ResNet50 excels in accuracy while MobileNetV3 offers better efficiency for
implementation on devices with limited resources.

ResNet50

Fig. 6 Training ResNet50.

Figure 6 shows the deep learning model training process running until it reaches the 100th epoch. The accuracy
and validation accuracy values consistently range from 0.64 to 0.67, indicating that the model has reached stability
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without significant improvement at the end of training. The loss and validation loss values are also relatively
constant at around 0.59 to 0.60, indicating that the model does not experience severe overfitting. In addition, there
is a warning from Keras suggesting the use of the new .keras model storage format instead of the old .h5 format
to be more in line with current model storage standards.

ResNet50 - Training and Validation Accuracy ResNet50 - Training and Validation Loss
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Fig. 7 Training Graft ResNet50

Figure 7 shows the training results of the ResNet50 model, illustrating the relationship between accuracy
metrics and loss in the training and validation data over 100 epochs. The graph on the left shows a gradual increase
in accuracy in both the training and validation data, with the accuracy value reaching around 0.67 at the end of
training, indicating that the model was able to learn steadily without significant signs of overfitting. Meanwhile,
the graph on the right shows a consistent decrease in loss values for both training and validation data, which means
that the optimization process has successfully reduced the model's prediction errors gradually. The balanced
movement pattern between the training and validation curves confirms that the ResNet50 model has good
generalization capabilities for new data in forest fire image classification tasks.

Table 1 Performance Training Model

Method Accuracy loss Val_accuracy Val_loss
ResNet50 0.677 0.59 0.647 0.697
MobilenetV3Large | 0.635 0.628 0.614 0.635
MobilenetV3Small | 0.61 0.63 0.61 0.64

Table 1 shows the training performance results of the three deep learning models used in this study, namely
ResNet50, MobileNetV3-Large, and MobileNetV3-Small. Based on accuracy and loss values, the ResNet50 model
obtained the best results with a training accuracy of 0.677 and a validation accuracy of 0.647, accompanied by the
lowest loss value among the three. Meanwhile, MobileNetV3-Large showed moderate performance with a training
accuracy of 0.635 and a validation accuracy of 0.614, while MobileNetV3-Small produced the lowest accuracy
but remained stable with high efficiency. Overall, this table indicates a trade-off between accuracy and
computational efficiency, where ResNet50 excels in accuracy while MobileNetV3 offers better efficiency for
implementation on devices with limited resources.

DISCUSSIONS

The training results show that the ResNet50, MobileNetV3-Large, and MobileNetV3-Small models have
different performance characteristics, reflecting a trade-off between accuracy and computational efficiency.
ResNet50 provides relatively high and stable accuracy at each epoch, demonstrating the architecture's ability to
extract complex visual features through residual learning mechanisms. However, this model requires longer
training time and greater computational resources, making it less ideal for application on devices with limited
power. On the other hand, MobileNetV3-Large is able to achieve accuracy close to ResNet50 with a much lighter
computational load, proving the effectiveness of its architectural optimization through depthwise separable
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convolution and squeeze-and-excitation block techniques. Meanwhile, MobileNetV3-Small, despite having
slightly lower accuracy, still shows stable and efficient performance in terms of memory usage and training time.
This difference confirms that architectural efficiency does not always mean a significant decrease in accuracy,
especially when the model is used with a transfer learning approach. Thus, MobileNetV3 can be considered the
optimal solution for implementing fire detection systems on edge devices or in environments with limited
computing power.

In addition, the experimental results show that models tested in a CPU-only environment have limitations in
training speed compared to other research reports that use GPUs. This reinforces the importance of real-device
testing, as emphasized in the introduction, to assess the suitability of models in actual field conditions. The use of
a combined dataset of local and public images also shows that model performance can vary depending on lighting
conditions, background, and smoke texture. ResNet50 proved to be more sensitive to environmental variations due
to its high layer complexity, while MobileNetV3 showed better generalization capabilities on heterogeneous data.
This shows that lightweight architecture designs such as MobileNetV3 have advantages not only in efficiency but
also in adaptability to real-world conditions in the field. In other words, this study proves that model selection
must consider the operational context and hardware limitations in addition to accuracy aspects. Overall, the results
of this discussion address the main research problem by providing a comprehensive overview of the balance
between accuracy, efficiency, and generalization capabilities in deep learning-based forest fire detection.

CONCLUSION

Indonesia faces recurring threats of forest and land fires every year, making early detection a crucial step in
disaster mitigation and control. The main problem in developing a computer vision-based detection system is
finding a balance between model accuracy and computational efficiency so that it can be implemented on devices
with limited resources. This study proposes a comparative approach to three deep learning architectures—
ResNet50, MobileNetV3-Large, and MobileNetV3-Small—using a combined dataset that includes local and
public images to improve model generalization to real-world conditions in the field. Through transfer learning
methodology and CPU-only testing, this study successfully describes model performance in a realistic context
without GPU accelerator support. Experimental results show that ResNet50 achieves the highest accuracy but with
longer training and inference times, while MobileNetV3-Large and Small provide better computational efficiency
with minimal accuracy degradation. Further analysis shows that MobileNetV3 has an optimal balance between
speed, resource consumption, and generalization ability to fire image variations. These findings confirm that
lightweight models can be a viable alternative for implementing edge computing-based forest fire detection
systems. Overall, this research contributes to the literature by providing empirical evidence that deep learning
architecture efficiency does not have to sacrifice accuracy, and the results can form the basis for practical
recommendations for developers and environmental monitoring agencies in selecting appropriate models for early
detection of forest fires in Indonesia.
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