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Fire Detection Automation in Search Drones using
a Modified DeepLabv3+ Approach

Abhinav Choudhary

Abstract—Drones have become a key component in current
search and rescue applications such as wildfire detection. The
accurate detection of fire in forests plays a crucial global factor
to reduce environmental damage and the preservation of wildlife.
Current fire detection systems combine the merits of expert-
learning systems and light-weight deep learning architectures.
The key idea is to introduce color-based rules to identify potential
fire pixels and create the associated mask that feeds a light-weight
convolutional neural network (CNN) for image segmentation.
However, expert learning systems are not robust and suffer of
cognitive bias that induce a high number of false positives. In
addition, CNN-based architectures cannot capture long-range
dependencies reducing the segmentation fidelity. To overcome
these gaps, this paper proposes a light weight deep learning (DL)
architecture for fire segmentation. The approach is inspired in the
Deeplabv3+ architecture for image segmentation. The novelty lies
in the incorporation of vision transformers that heavily reduces
the model complexity and avoid the usage of color-based rules.
Experiments are conducted using open-access fire datasets. The
results demonstrate competitive performance and highlight its
potential use in drones applications.

I. INTRODUCTION

Wildfire is a global concern that has impacted both ecosys-
tems and human societies [1]. Early detection of fire is
crucial to prevent catastrophic events for the wildlife and the
surrounding environments including natural ecosystems and
cities. Aerial platforms or drones have been used in search
and rescue applications [2] due to its bird view capabilities
that helps to identify and explore high risk zones [3]-[5].
Hence, drones have become essential devices for early wildfire
detection whose ultimate goal is to enhance the protection of
both national ecosystems and facilities.

Visual sensors and deep learning (DL) techniques are the
main tools used in search drones to detect fire [6] due to their
low-computational cost and high detection accuracy. Here,
architectures with low-computational cost define a mandatory
requirement in drone’s applications due to the controller’s low-
memory capabilities. To satisfy this requirement, the state-
of-the-art has focused on detection methods that exploit the
capabilities of DL methods for image segmentation enhanced
by prior information about fire features and properties.

Most of the fire detection methods are based on a colour-
based approach that defines expert rules to identify fire pixels.
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In this context, fire is associated with orange, red, and yel-
low colours which can be effectively distinguished in forests
images or frames. Fire colour extraction is done by applying
some expert rules based in the intensity and saturation of the
red colour in a RGB colour space [7]. Fuzzy colour models
appear as a natural choice for fire detection applications due to
the definition of expert rules [8]. In this approach, it is analysed
a sequence of images to identify variations of red pixels
compared with the mean intensity value of the background
red pixels. However, these approaches are not robust due to
the diverse colour spectrum in imagery data and variations in
either the illumination or lightning conditions.

The YCbCr colour space [9] has been used to overcome the
robust problems of the RGB space. The main advantage of
using this colour space is that the luminance and chrominance
of the image can be better identified and establish new
improved expert rules [10], [11]. The use of expert rules can
be exploited by unsupervised methods to group fire pixels
according to their saturation, colour, and lightness [12].

Fire has a dynamic and changes according to the amount
of oxygen and fuel available in the environment. Motion-
based techniques have been adopted for fire detection to deal
with the dynamic propagation of fire. Some approaches use
optical flow method and colour-based decision rules to extract
the motion and color features from fire pixels [13], [14]. An
improvement of motion-based models is to focus on the pixels
within the grey region adjacent to fire [15]. However, motion-
based techniques applied in drones are not convenient due
to the diverse motion exhibited by drones [16] that causes
that the scene changes constantly. This could make difficult to
determine if the motion belongs to the fire of to the scene.

Other approaches for fire detection are texture-based meth-
ods. Here, fire creates an unique and chaotic texture in imagery
data that are completely different from other textures observed
in the images or frames. In fire detection applications, texture-
based methods focus on areas of the image or frame that
exhibit changes in the pixel intensities. Famous methods for
fire detection in static images [17] are Gabor filters [18], [19]
and Local Binary Patterns (LBP) [20].

Deep Learning semantic segmentation methods have been
used to identify the main characteristics of fire including its
shape and texture [21]. The most famous architectures for
image segmentation are based on deep convolutional neural
networks (CNN) such as U-Net [22], fully convolutional
networks (FCNs), Mask R-CNN [23], and Deeplabv3 [24],
[25]. Colour-based approach and U-Net have been combined to
segment fire pixels from the combination of infra-red and RGB
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images [26]. Deeplabv3+ [27] is an autoencoder architecture
for image segmentation. This architecture has been applied for
semantic segmentation of fire pixels [28]. The main issue of
these CNN-based methods is that they cannot capture long-
range dependencies between objects in an image. In addition,
the most accurate approaches are computationally expensive
and cannot be used in drones.
In view of the above, the following gaps are identified:

1) Expert methods are not robust and can be confounded
by changes in the lighting conditions, obstructed views
or objects with similar colours.

2) Expert rules have cognitive bias which can lead to a
large number of false positives, that is, non-fire pixels
are recognized as fire pixels.

3) DL segmentation methods are computationally expen-
sive such that they cannot be used in drones. In addition,
these methods cannot capture long-range dependencies
between objects.

In this paper, we proposed a light-weight DL architecture
for fire segmentation whose ultimate goal is to solve the
aforementioned gaps. This is done by modifying the deep
CNN (DCNN) backbone architecture in Deeplabv3+ with a
transformer-based architecture, MobileViT, that reduces the
computational requirements of the architecture and avoid
the definition of expert rules by preserving the long-range
properties of Deeplabv3+ network. With the replacement of
the DCNN backbone, the segmentation algorithm will ac-
celerate the detection capabilities, making it highly suitable
for real-time wildfire monitoring applications using drones.
Experiments are conducted in open-access datasets of fire and
compared with the ResNet50 backbone architecture to demon-
strate the effectiveness and competitiveness of the proposed
approach.

Deeplabv3+

DCNN
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Mobile ViT ResNet-50
Transformer CNN-based
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Decoder

—>ASPP Block —> Block
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Fig. 1. High-level scheme of the proposed methodology

II. METHODOLOGY

Fig. 1 depicts the general diagram of the proposed fire
segmentation architecture. The architecture is based on the
Deeplabv3+ for semantic segmentation [29] which has demon-
strated good segmentation results in imagery data [30].

A. Deeplabv3+ architecture

Deeplabv3+ (see Fig. 2) has an encoder-decoder structure
composed of three main structures: an encoder block, the
ASPP (Atrous Spatial Pyramid Pooling) block, and the decoder
block. This architecture has shown high accurate results by
exploiting the long-range capabilities of the ASPP block

whose main objective is to enlarge the field of view of the
convolution filters [31]. Here, the encoder is responsible to
uncover contextual nuances in the image by analysing high-
dimensional features at multiple scales. On the other hand,
the decoder block recovers the spatial information and sharp
boundaries of the input images.

However, Deeplabv3+ demands high computational re-
sources due to its DCNN backbone architecture (typically
the ResNet 50 architecture is used) and hence, it is not
suitable in search drones. To maintain this performance, whilst
reducing the computational complexity we proposed to modify
the DCNN backbone with a self-attention transformer-based
architecture known as MobileViT. This new backbone archi-
tecture improves the training of the network and reduces the
number of parameters, whilst maintaining high competitive
segmentation results.

B. Mobile Vision Transformers (MobileViT)

MobileViT [30] is an architecture that combines the benefits
of both CNN and vision transformers (ViT). This particular ar-
chitecture incorporates inverted residual blocks of mobilenetv2
[32] with a novel “MobileViT block”. Here, the main ad-
vantage of the MobileViT block is the global processing of
the pixels in an image using transformers rather than local
processing using a DCNN. As a result, the MobileViT block
will maintain the spatial inductive biases of CNNs and the
global processing capabilities of ViTs.

Fig. 3 depicts the elements that comprise the MobileViT
block. Here, X,Y € RH*XWXC represent input and output
tensors with height H, width W and C channels; and the
n x n Conv block represents the standard n x n convolution
operation. MobileVit Block performs the following tasks

« Local Representation Operation: MobileViT block ap-
plies a standard n X n convolution layer followed by
a 1 x 1 convolutional layer to an input tensor X &
RIXWXC This gives as output a tensor X; € R xWxd,
where d > C' is a higher-dimensional space.

o Unfolding Operation: The tensor X, is decomposed
and flattened into N disjoint patches, generating a tensor
Xy € RPXNXd where P is the breakdown of patches
having dimension w x h (width w and height i of each
patch). The unfolding operation helps to learn global
representations with spatial inductive bias. The unfolded
tensor Xy is then passed through the transformer of L
blocks to encode the relationship between patches.

o Folding Operation: The tensor X; can be seamlessly
transformed into a tensor X; € RH*Wxd o preserve the
spatial information of the image and the sequences of
each individual patch. This step allows to obtain accurate
spatial feature representations in the subsequent stages of
the network.

« Fusion Operation: A pointwise convolution is applied to
the folded tensor X; to project it to a low C-dimensional
space. This gives an output tensor of dimension H x
W x C which is concatenated with the input tensor X to
learn low-level features and hence, the output tensor has
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Fig. 3. Mobile ViT block architecture. Adapted from [30]

a dimension of H x W x 2C. This tensor is followed by
a 1 x 1 convolution to fuse the concatenated tensors and
we get the output tensor Y € REXWxC,

There is a transformer block within the MobileViT block
which is mainly based in two sub-layers [30], [33] with resid-
ual connections and normalization layers to overcome the van-
ishing gradient problem and accelerate learning convergence.
The first layer is dedicated to a self-attention mechanism with
multiple heads that focus on multiple segments of the image
simultaneously. A feed-forward layer is then used to process
the output of the attention layer in a sequential order.

C. Proposed architecture

The proposed architecture is depicted in Fig. 4. Here,
the DCNN block in Deeplabv3+ is replaced by a cus-
tom MobileViT network which maintains the spatial proper-
ties of Deeplabv3+ with the long-range detection and low-
computational power of MobileVit. Here, we incorporate two

variants of the MobileViT architecture known as MobileViT_S
and MobileViT_XS which stand for small and extra small
architectures of MobileViT, respectively. These variants of
MobileViT differ from each other according to the number of
channels and projection dimensions. These parameters define
the depth of MobileViT model, and the dimension of the
output feature maps at different spatial resolutions. On the one
hand, MobileVit_S has [144, 192, 240] projection dimensions
and [16,32,64, 64,96, 128, 160, 640] channels. On the other
hand, MobileVit_XS has [96, 120, 144] projection dimensions
and the number of channels are [16, 32,48, 48, 64, 80, 96, 384].
It is evident that these models have less number of parameters
and hence, the computational complexity is reduced.

III. DATASETS

One of the main challenges in wildfire detection is to obtain
rich enough data that encompass different fire scenarios -
including small and large fires, and top view images of fire
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Fig. 4. Proposed MobileViT-DeeplabV3+ architecture

in order to be coherent in search drones applications. To this
end, we used the Corsican [34] and FLAME [35] datasets
to create a new dataset that covers both small and large
fires. The Corsican dataset provides large fires across different
environment settings. On the other hand, the FLAME dataset
provides images of wildfires captured from drones. Here, the
images in the FLAME dataset have small fires which reflect
the challenges of using drones to detect fire.

The second great challenge to segment fire using the afore-
mentioned datasets is the class imbalance problem. Fire pixels
contribute the minority class in an image, which lead to biased
models towards the prediction of the dominating class. Here,
only the 17% and 0.6% of the pixels in the Corsican and
FLAME datasets, respectively, are associated to fire pixels.

A. Regularization and augmentation

The class imbalance problem may cause the overfitting
phenomena. To overcome this issue, we apply regularization
and data augmentation methods to provide a balanced rep-
resentation of the classes during training. Here, we apply
ridge regression regularization into the convolutional layers
of the ASPP and decoder blocks in Deeplabv3+. The data
augmentation methods used in this work consist in horizontal
flipping and random rotation, contrast, and brightness of the
pixels in the images.

B. Loss functions

The selection of appropriate loss functions is a crucial
step to ensure accurate segmentation results. To this end,
we have selected five widely used loss functions for image
segmentation given by: Dice, Tversky, Focal Tversky, Binary
Cross-Entropy, and a linear combination of the dice loss
and binary cross-entropy loss denoted as Combo loss. The
combination between these loss functions gives better results
in comparison to using each loss individually. On the one hand,
the cross-entropy loss promotes the correct classification of
each pixel within the image. On the other hand, the dice loss

encourages the correct identification of regions of interest for
accurate image segmentation.

IV. RESULTS

The proposed approach shown in Fig. 4 is tested under
the combined dataset and the variants of the MobileViT
architecture. Here, we compared their performance against
the Deeplabv3+ architecture with ResNet 50 backbone [27]
which offers high accurate segmentation results. We do not
compare colour-based approaches since the rules are biased
to a specific dataset (either Corsican or FLAME datasets) and
their performance is degraded under the combined dataset.

The models are trained using four NVIDIA A100-PCIE
GPUs with 40 GB of memory each. Different metrics have
been used to evaluate the performance of the proposed archi-
tectures under the selected loss functions. The metrics used in
this work are: i) mean pixel accuracy (MPA), ii) F1-score, iii)
intersection over union (IoU), iv) recall, v) precision, and vi)
Matthews correlation coefficient (MCC).

The data of the combined dataset is split into training,
validation and testing sets comprising with 70%, 15$, and 15%
of the total data, respectively. Data augmentation is applied
on the training set to increase the richness of the data and
reduce the class imbalance problem. Each model is trained
for 30 epochs. The Adam optimizer is used with a learning
rate of le~* and a batch size of 16. Additionally, a learning
rate scheduling is incorporated to reduce the learning rate by
a factor of 0.1 when the validation curve does not show an
improvement after 5 epochs. The ASPP block has dilatation
rates of 6, 12, and 18 with an output stride of 16. The
regularization hyperparameter was set to 2e~°.

Fig. 5 shows the segmentation results of the ResNet50-
Deeplabv3+ trained under individual datasets. In the Corsican
dataset, the architecture suffers to identify small or occluded
fires (see Fig. 5(a)) since most of the training data contains
large fires that cover a relatively large portion of the image.



Conversely, in the FLAME dataset, the network cannot detect
adequately the fire since most of the training images contain
occluded and small fires. This issue is solved by using the
combined dataset.

Predicted Mask

Image
(b) FLAME dataset

Fig. 5. Segmentation problems under individual datasets

We train the models using the combined dataset under
each loss function to observe how they modify the final
segmentation outcome. Table I exhibits the final results in
the testing set. We can observe, that the MobileViT_XS-
Deeplabv3+ exhibits the better performance under the BCE
loss. This result indicates the power of vision transformers
to replace the DCNN backbone for segmentation tasks. Fig.
6 shows the segmentation results using images of the testing
set.

TABLE I
DETECTION RESULTS OF THE PROPOSED MODELS ACROSS ALL METRICS
AND LOSS FUNCTIONS

Model Loss [ MPA | F1__ | ToU [ Recall | Precision | MCC
Dice 0.9930 0.8954  0.8157  0.8904 0.9060 0.8921

Tversky 09932  0.8959 0.8165 0.9243 0.8741 0.8930

MobileViT_S Focal Tversky  0.9928  0.8765 0.7883  0.8846 0.8778 0.8740
Combo 0.9931 0.8926 0.8119  0.8823 0.9092 0.8896

BCE 0.9928 0.8755 0.7863  0.8268 0.9398 0.8746

Dice 0.9931  0.8892  0.8066  0.8654 0.9210 0.8866

Tversky 0.9931 0.8971 08175  0.9095 0.8887 0.8935

MobileViT_XS | Focal Tversky 0.9930 0.8900 0.8081  0.9031 0.8827 0.8867
Combo 0.9927 0.8950 0.8145  0.8884 0.9066 0.8914

BCE 0.9869 0.9286 0.8697 0.9122 0.9507 0.9207

Dice 0.9942  0.9087 0.8371 0.9067 0.9151 0.9057

Tversky 0.9941  0.9068 0.8340  0.9386 0.8812 0.9043

ResNet50 Focal Tversky  0.9934  0.9018  0.8263  0.9371 0.8737 0.8992
Combo 0.9942 0.9052 0.8314  0.9225 0.8924 0.9023

BCE 0.9938  0.8837 0.7988  0.8581 0.9173 0.8815

The results of Fig. 6 demonstrate the proficiency of
the proposed architecture to detect fire in diverse scenar-
ios including large, small and occluded fires. Here, the
weakness of DCNN to capture long-range dependencies is
overcome and enhanced by the global processing capabil-
ities of transformers. Furthermore, the proposed approach
notably reduces the number of parameter of the network
which is a fundamental requirement for search and rescue
drones. Here, the number of parameters of each architec-
ture are: MobileViT_S-Deeplabv3+ with 6,624,689 parame-
ters, MobileViT_XS-Deeplabv3+ with 3,064,401 parameters,
and ResNet50-Deeplabv3+ with 17,869,697 parameters. This

clearly demonstrate that the proposed models can achieve com-
petitive results with a much smaller computational expense.

V. CONCLUSIONS

In this paper, a light-weight DL model for fire segmen-
tation in search drones is proposed. The model is based on
the image segmentation architecture Deeplabv3+. The deep
convolutional neural network backbone of Deeplabv3+ is
modified by a vision transformer architecture which reduces
the computational complexity and enables global processing of
the image rather than local processing. The vision transformer
is based on two variants of the MobileViT network which
highly reduces the number of parameters, whilst maintaining
the processing properties for accurate image segmentation.
The Corsican and FLAME datasets are combined to cover
different fire scenarios simultaneously without focusing only
in a single case. Different loss functions are used to observe
the behaviour of the network and obtain the best model.
Experiments are carried out under different metrics using
the proposed combined dataset. The results show that the
proposed architecture achieves competitive results with much
less number of parameters in comparison with the well-used
ResNet50-Depplabv3+ architecture.

Future work will address the extension of the proposed
model to detect both fire and smoke to improve the detection
capabilities of the network and reduce the damage to both
national facilities and ecosystems.
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