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Abstract—The scarcity of annotated images significantly hin-
ders the development of robust deep learning models for early 
wildfire s moke d etection. T raditional a ugmentation methods, 
such as rotation or mirroring, are often insufficient. T his is 
particularly true for detecting subtle smoke formations at long 
distances, where smoke is often barely perceptible even to human 
observers. Existing smoke datasets predominantly feature devel-
oped smoke plumes or closer views, making them unsuitable for 
training models for this critical early-phase detection. To address 
this, we propose generating synthetic images using Generative 
Adversarial Networks. Unlike typical GAN applications that aim 
for high-fidelity o bject r epresentation, o ur o bjective i s different. 
We synthesize realistic, fuzzy images of subtle, distant smoke
— blurred and blended with the background — yet retaining 
characteristic features essential for classifier training. We propose 
a GAN architecture based on a modified Super-Resolution GAN, 
specifically a dapted w ithout B  r esidual b locks, i n o rder to 
produce realistic images of smoke at long distances. Experimental 
evaluation demonstrates that augmenting datasets with GAN-
generated smoke images significantly i mproves t he performance 
of classifiers in detecting early-stage wildfire smoke, affirming the 
utility of GANs for data enhancement even when generating low-
quality, realistic imagery. This method mitigates data scarcity, 
offering a viable solution for training effective early wildfire 
detection systems.

Index Terms—generative adversarial networks, synthetic 
smoke images, deep learning.

I. INTRODUCTION

The supervised training of deep convolutional neural net-
works has become a dominant approach to solving many com-
puter vision tasks, such as image classification, object recogni-
tion and localization. In recent years, significant advances have
been achieved in many problems where traditional computer
vision algorithms have approached their limits. Provided with
a large enough dataset of labeled samples, deep learning
algorithms tend to produce very good results and usually
significantly o utperform t raditional a pproaches. H owever, a
basic prerequisite for the supervised training of Deep Neural
Networks (DNNs), the availability of large datasets, can be a
major obstacle in model development. DNNs may have up to
hundreds of millions of parameters, which require huge sets
of labeled images to generalize key features and distinguish
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different phenomena. Training a complex network model on
a limited dataset will probably result in overfitting and poor
performance on unseen images.

Collecting and annotating large datasets is time-consuming
and usually an expensive process. Moreover, collecting a suffi-
ciently large set of samples for some problems can be further
hampered by other factors, such as regulations on personal
data protection or data ownership. For some phenomena, their
inherent feature could be a rare occurrence, making it even
more difficult to gather a relevant set of examples. Building a
prediction model based on an unbalanced dataset could result
in models that tend to overlook the minority concepts [1].
Unfortunately, these underrepresented concepts or phenomena
are usually of the highest interest and there is a high cost for
misclassifications [2]. False negative detection could pose a
major risk in applications such as diagnosing rare diseases [1]
or smoke detection [3].

To overcome this limitation, researchers and developers
often use augmentation strategies to increase the number of
labeled images [4] and the diversity of information in input
data. These techniques commonly include simple modifica-
tions to original images, such as translations, small angular
rotations, flipping and scaling. However, this approach has
limitations, especially for datasets where such modifications
could result in unrealistic images. For instance, flipping an
image horizontally, or applying angular rotation to an image
of open space, could easily result in a very unrealistic image
with the sky at the bottom of the scene, or an oblique horizon.
This motivates the use of synthetic data samples, which can
introduce more variability to the dataset to improve the training
process.

Our research primarily focuses on the segmentation and
classification of natural landscape images [5], [6], [7], particu-
larly emphasizing smoke detection using wildfire surveillance
cameras that monitor vast open areas [5], [8], [9]. This led to
the initiation of the Intelligent Forest Fire Video Monitoring
and Surveillance System [10], [11], [3]. The system is de-
ployed in more than 116 locations in a number of Croatian
forests and National Parks, as well as in several locations in
Bosnia and Herzegovina, Montenegro and Albania. Surveil-
lance cameras for wildfire detection are strategically mounted
in remote locations, operating year-round, with detection dis-
tances varying from several hundred meters to over ten kilo-
meters. The specific characteristics of the monitored territory,
which often includes sea surfaces and areas of intense human
activity, present unique challenges. A typical Mediterranean
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Fig. 1. Examples of early-stage wildfire smoke captured by operational
surveillance cameras. Image quality is degraded by atmospheric con-
ditions, sunlight effects, and dirt or insects on lenses, making smoke
barely perceptible even to a human observer.

climate further compounds these difficulties with morning
mists, strong daily westerly winds (leading to airborne dust
and camera shake), pronounced light effects, and reflections
of sunlight on sea surface and atmospheric particles. These
environmental factors, coupled with potential obstructions
like dirt and insects on camera lenses, collectively result in
significant image quality degradation. As a consequence, the
acquired images frequently lack crucial low- and mid-level
features, such as corners, edges, and other distinctive shapes
[5]. The unique characteristics of the Croatian coast — with
small towns interspersed within dense Aleppo pine forests —
require early fire detection and an efficient response, preferably
within five minutes of ignition.

Emerging smoke is, fortunately, a relatively rare phe-
nomenon to capture on camera. In its early stage, minutes after
ignition, and at the required operational distance of the surveil-
lance system, smoke can be fuzzy and transparent and blended
with the background. In addition to this, it is represented
within a very small area in high-resolution images, usually less
than 0.1 ‰of the area of an image. Examples of smoke from
real forest fires captured by surveillance cameras during the
early ignition phase are shown in Figure 1. In both images, the
smoke is barely visible due to fog and sunlight effects, making
accurate image annotation challenging, even for human experts
tasked with creating ground truth segmentation. It should be
emphasized that the smoke in both images is less than 5 km
from the camera, which is approximately half of the expected
detection distance.

The aforementioned issues make it hard to collect a large

enough dataset to train state-of-the-art neural network archi-
tectures. The application of common augmentation techniques
is limited due to the possible loss of scene realism and low
quality of recorded samples of early-phase of smoke at the
required detection distance. The lack of a large enough set
of images can be partially compensated by a transfer learning
approach [5]. However, wildland surveillance images signifi-
cantly differ from urban and close-range scenes, which also
limits the possible benefits of retraining pretrained networks.
In this work we propose a method of synthetic wildfire smoke
image generation based on Generative Adversarial Networks
(GAN) [12], [13]. We aim to create a dataset of synthetic
images of the emerging smoke at a very early phase, which
can be used to train state of the art deep neural networks.
These samples must reflect the complexity of real surveillance
camera images, including all interference and degradation. At
the same time, they must retain the characteristic features
necessary for classifier training and smoke detection. The
images collected from operational wildfire surveillance cam-
eras containing emerging smoke of real fire incidents in the
early ignition state are used to train a generative model based
on the modified Super-Resolution GAN network (SRGAN)
[14]. To evaluate the effectiveness of the proposed approach,
an experiment was conducted where the same Convolutional
Neural Network (CNN) was trained on the original dataset
collected from surveillance cameras and a dataset augmented
with the synthetic smoke images generated by the proposed
GAN architecture.

Theoretical considerations might suggest that GANs have
limited utility for data augmentation, as they may merely
replicate existing data. However, our experimental results
strongly refute this in the context of early smoke detection.
These findings robustly support our hypothesis that GAN-
based augmentation significantly surpasses conventional, sim-
pler data augmentation techniques. Specifically, these results
suggest its potential for other domains where objects of interest
are characterized by fuzziness, low image quality (e.g. lacking
distinct low- and mid-level features like corners or edges), and
an inherent rarity that makes real data collection exceptionally
difficult.

Main contributions of this research are as follows:

• A GAN architecture is proposed which can intentionally
produce ”fuzzy” and low-quality smoke images accu-
rately mimicking the degraded nature of real surveillance
footage;

• An experimental framework is established for evaluation
of different data augmentation strategies;

• A dataset for early smoke detection is created and made
publicly available.

The remainder of the paper is structured as follows: Section
II provides an overview of related work in synthetic image
generation for wildfire detection. Section III outlines the
methodology of this research. Section IV details the pro-
posed Generative Adversarial Network architecture, followed
by Section V which presents the experimental setup used
for evaluating the quality of synthetically generated data.
Section VI concludes the paper, summarizing our findings and

62 JOURNAL OF COMMUNICATIONS SOFTWARE AND SYSTEMS, VOL. 22, NO. 1, MARCH 2026



outlining directions for future research.

II. RELATED WORK

Deep learning algorithms have demonstrated great perfor-
mance in different computer vision tasks, such as image
classification [15], [16], [17], [18], region proposal [19], [20],
[21], segmentation [22], [23], [24] and many others. However,
their efficacy depends on the availability of extensive and
diverse datasets, which can be particularly challenging to
acquire for rare or complex phenomena such as wildfire smoke
[25]. Other applications limited by a lack of sufficiently large
dataset include medical imaging [26], plant disease recognition
[27] and many other fields. This reliance on data frequently
leads to issues such as overfitting when training models
on limited datasets, thereby hindering generalization to new,
unseen data [28]. To address the limitations of small datasets
various Data Augmentation (DA) techniques are employed.
Traditional approaches include standard methods like color
conversion, image blurring, cropping, adding noise, resizing,
flipping, rotating and other transforms. In contrast, Deep
Generative Adversarial Networks offer a more advanced data
augmentation strategy by employing algorithmic architectures
composed of two neural networks to create new synthetic data
instances. GANs are composed of a generative model G that
captures the data distribution, and a discriminative model D
that estimates the probability that a sample came from the
training data rather than G. This generative capability allows
for the creation of new objects and varied semantic features.
This is a significant advantage over traditional DA methods,
where an object’s shape often remains largely unchanged.

The first images that generator outputted in Goodfellow’s
2014 paper [12] were looking good, with digits and faces,
but were very fuzzy and blurred on the CIFAR-10 dataset. In
order to fix this problem, authors in [29] created a GAN using
Laplacian Pyramid. Their main contribution is a type of GAN
that is capable to produce high-quality images that are easily
mistaken for real images in 40% of all data when assessed
by human experts. The main difference from Goodfellow’s
[12] GAN architecture is the number of image generators;
instead of only one, the authors used a series of CNNs to
slowly create the whole image (the resolution was increased
in each step). The idea was to create a pyramid-style model
in which every level uses its own CNN and is trained on
two components. The authors in [30] went a step further,
with a model called Super-Resolution GAN (SRGAN). The
main focus was finding a way to recover all textures and
details from images that were lost during the downsampling
phase. To fix this problem, the authors proposed a new loss
function that can be divided in two parts. The first part is the
adversarial loss that encourages images to look more natural.
The second part is the content loss that makes sure that the
new resolution image has the same features as the original
low-resolution image. In [31], the authors present a DCGAN
(Deep Convolutional GAN) architecture model using CNN, as
its name suggests. This paper introduces various techniques for
successful learning by using correct parameters. In [32], the
authors used variants of GANs, considering label conditioning.

This approach resulted in 128×128 resolution image samples,
showing global coherence.

In [33], the authors used a Progressive Growing of GANs
(PGGAN) network to generate synthetic data. They chose
PGGAN because of its training stability at large image sizes
and its robustness to hyperparameter selection. The authors
showed that the use of GANs when facing limited data
is possible. Researchers at NVIDIA proposed a StyleGAN
architecture [34]. Previous GAN models have already shown
the ability to generate human faces, but one challenge is being
able to control some features of the generated images, such
as hair color or pose. StyleGAN attempts to tackle this chal-
lenge by incorporating and building on progressive training to
separately modify each level of detail. In the literature GANs
are usually used for data augmentation. The results reported
in [13], [35] suggest that GANs can have significant benefits
when used for data augmentation in some classification tasks.
This research shows that GANs have great potential in image
processing applications, and possibly represents a step towards
achieving strong artificial intelligence. GANs were also used
for the classification of smoke images and videos. In [36],
the authors used a DCGAN architecture to classify smoke
and non-smoke images. In [37] a GAN was used for image
enhancement, and in [38], GANs were applied to predict
future frames and smoke trend heatmap. In our paper, a
GAN is used for synthetic image generation. In the literature,
several attempts at synthetic smoke image data generation
were reported. In [39], the authors used a CycleGAN model in
order to generate new smoke data samples. The main idea was
to reduce data imbalance in their dataset. In [40], the authors
used a DCGAN network to produce new smoke images, which
were as realistic as possible. The authors in [41] used a
CycleGAN-based pixel-level domain adaptation method for
image translation. In [41], the authors also employed synthetic
images generated through a combination of 3D modeling en-
hanced by both pixel-level and feature-level domain adaptation
techniques. 3D modeling based on Unreal Engine was used in
[42] to generate a multi-faceted synthetic dataset for wildfire
detection. A method for generating smoke images based on
multi-scale expansion fusion GAN was proposed in [43].
A novel training-free and mask-guided diffusion framework
for synthesizing realistic wildfire images was proposed in
[44]. This method precisely controls the placement of wildfire
elements and utilizes augmented masks and Perlin noise to
enhance the diversity and realism of generated images. Two
deepfake generation approaches for creating synthetic wildfire
images to augment a dataset for training detection models were
evaluated in [45].

Beyond GAN-based approaches, diffusion models have
emerged as a powerful alternative for synthetic data generation
[46], underpinning recent wildfire-specific methods such as
Flame Diffuser [44] and showing promise for augmentation
in limited-data settings [47].

Most of the mentioned methods were tuned for images of
well-developed wildfire where fire and/or smoke was clearly
visible. Our images were intentionally selected to serve as typ-
ical representations of smoke in its early phase. The automatic
detection system was required to detect smoke in the first 5
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minutes. In this phase, smoke may be scarcely visible even
for a human observer.

III. METHODOLOGY

Fig. 2. Workflow of the proposed synthetic image generation method and
evaluation framework

Research workflow is shown in Figure 2. The training
dataset was collected from the operational wildfire surveillance
system. Images in the dataset contain emerging smoke of
real fire incidents in the early ignition phase. As the main
requirement for the detection algorithm is very early smoke
detection, only images of smoke from the first 5 minutes
after ignition are used to create the dataset. All collected
image samples are recordings of real forest fire incidents.
The collected images are used to train the proposed GAN
architecture.

To rigorously evaluate the capacity of the proposed Gen-
erative Adversarial Network generator to produce effective
synthetic data for deep neural network training, a comparative
experimental framework was established. This methodology
comprised three distinct phases:

1) Dataset Preparation:
• Training Datasets: Two distinct training datasets

were constructed
– (a) Original Real Dataset: This dataset con-

sisted solely of real images of early-stage smoke,
collected from operational surveillance cameras.
This is the same set of images used to train the
proposed GAN model.

– (b) Hybrid Augmented Dataset: This dataset
combined all images from the Original Real
Dataset with synthetic images generated by the
proposed GAN.

• Independent Test Dataset: For objective evaluation,
the test dataset was composed exclusively of real
images. Crucially, these images were acquired from
a geographically separate set of surveillance lo-
cations that were not utilized in the creation of

either training dataset. This ensured complete data
independence, preventing any overlap between the
training and testing environments.

2) Model Training: The same CNN architecture was se-
quentially trained. First, it was trained on the (a) Orig-
inal Real Dataset, and subsequently, on the (b) Hybrid
Augmented Dataset.

3) Performance Evaluation: The performance of the CNN
models, after training on each respective dataset, was
then assessed using the Independent Test Dataset. The
integrity and objectivity of the experiment were main-
tained by ensuring that neither the CNN classifier nor
the GAN generator had any prior exposure to the images
or surveillance locations represented in the test dataset.
This rigorous separation demonstrates the models’ true
generalization capabilities.

The data used in this work were mostly taken from the
OIV Fire Detect AI Forest Fire Monitoring and Surveillance
System [48]. The company Odašiljači i veze d.o.o. reserves
the right of ownership over images, video materials and other
products of the OIV Fire Detect AI surveillance system. With
the permission of the data owner, the data used in this paper
are made public and available for download without special
restrictions or fees at http://wildfire.fesb.hr/gan/data.

IV. GAN ARCHITECTURE

In this section, we describe the GAN architecture used
for the generation of synthetic images. Figure 3 illustrates
the basic GAN concept, comprising a generator network
and a discriminator network. Both the generator and the
discriminator are neural networks. Generator network takes
a random noise vector and produces an image. Discriminator
works as a binary classifier; it needs to classify whether the
data is real or synthetically generated (fake). The generator
output is connected directly to the discriminator input. Using
backpropagation, the discriminator’s classification provides a
signal that the generator uses to update its weights.

Fig. 3. Basic GAN concept illustrating the interaction between the generator
and discriminator networks

The discriminator uses a cross-entropy loss, where p repre-
sents true distribution, and q the estimated distribution:

H(p, q) = −
∑
i

pilog(qi) (1)
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The intention of the loss function H in equation 1 is to push
the predictions of the real image towards 1 and the fake images
to 0. We do so by the log probability term.

(2)
min
G

max
D

V (D,G) =

: Ex∼pdata(x)[log(D(x))]+

: Ez∼pdata(z)[log(1−D(G(z)))]

If we observe the joint loss function, we maximize the
discriminator term, which means logD(x) should inch closer
to zero, and logD(G(z)) should be closer to 1. Here, the
generator is trying to make D(G(z)) inch closer to 1, while
the discriminator is trying to do the opposite, as shown in Fig.
4.

The proposed architecture is inspired by the SRGAN net-
work [14]. SRGAN is a generative adversarial network for the
generation of super-resolution images. The network consists of
two parts: an image generator and an image discriminator. The
generator produces data based on the probability distribution
and the discriminator tries to distinguish whether the data are
real or produced from a generator network. The generator is
trying to optimize the generated data, so that the produced
data can fool the discriminator. There are two specific char-
acteristics of the SRGAN network, B residual blocks and
perceptual loss function. SRGAN consists of 16 B residual
blocks, originated by ResNet. Within the residual block, two
convolutional layers with small 3×3 kernels are used. The
number of feature maps is 64, followed by batch-normalization
layers and ParametricReLU as the activation function. Since
the main goal of SRGAN is the generation of super-resolution,
two sub-pixel convolution layers are added to increase the
resolution. For the loss function network, a perceptual loss
function was used. The perceptual loss function has two parts:
an adversarial loss and content loss. The first part pushes
the current generated image to the natural image manifold
using a discriminator network. The second part is content loss,
which is used for perceptual similarity instead of similarity in
pixel space. There are three main differences in the proposed
architecture:

• The input to the generator is a 256-dimensional latent
vector, followed by upsample layers.

• B residual blocks are removed.
• The discriminator uses the LeakyReLU activation func-

tion.
Our intention was to use SRGAN to obtain important features
from existing images. In SRGAN, B residual blocks preserve
fine-grained detail for super-resolution — the opposite of our
goal. Removing them deliberately reduces the generator’s ca-
pacity to reconstruct sharp details, resulting in softer and more
diffuse visual characteristics typical for early-stage smoke
captured under adverse atmospheric conditions. Further, this
modification decreases computational complexity and makes
the model easier to train, particularly in scenarios where
the available dataset is relatively limited. Figure 4 shows
our architecture. The generator input is a 256-dimensional
vector, followed by blocks of convolution, batch normalization
and ReLU activation function. Upsample layers were added,

because the input in the original SRGAN was an image. ReLU
activation was used in all generator layers, except the final
layer where Tanh activation function was used, similar to
the approach in [31]. Two sub-pixel convolution layers are
added to increase the resolution. For the discriminator we use
LeakyReLU activation function in all layers, except the last
one, where we use sigmoid. The ReLU activation function
was originally used in the discriminator network. Our kernel
size was 3, stride was 2, and the batch size was 64.

V. EXPERIMENT

The main goal of this research was to determine the fea-
sibility of generating synthetic smoke images using the GAN
architecture. There are two basic prerequisites for synthetic
images:

1) Generated images must be as similar as possible to
the images taken from surveillance cameras, where the
smoke is in a very early stage, fuzzy and often blends
into the background.

2) Although fuzzy and hard to see, even for a human
observer, smoke should retain all of the features that
are necessary to train the classifier.

Another concern was the theoretical observation that synthet-
ically generated images can only contain the information that
was already represented in the original dataset. As smoke in
original surveillance camera images is often transparent and
barely visible, without clear low- and mid-level visible features
(e.g. edges or corners), there was an objective possibility that
GAN will recreate variations of the existing backgrounds,
without adding new information content that is relevant to
smoke detection.

To evaluate the quality of the generated synthetic images
and their applicability for training DNN architectures, an
experimental scenario was set up in which the same CNN
classifier was trained on different datasets: one containing
only real data taken from surveillance cameras, and the other
containing both real and synthetic images. Further, to ensure
the objectivity of the experiment, a subset of surveillance
locations was excluded as a source of the training data. These
locations were used exclusively to collect the test dataset.
No image from this subset of locations was seen by the
GAN generator. In the experiment phase, images collected
from these additional locations were only used to evaluate
the trained classifier, and no image from these test locations
was present in the classifier training dataset. Additionally,
no images from locations used to collect training data were
present in the test dataset. The performance of the same CNN
architectures trained on different datasets was evaluated and
results were compared.

A. Dataset

The dataset used in this study was created from the images
taken from the Intelligent Forest Fire Video Monitoring and
Surveillance System [3] installed on more than 116 locations
in the coastal counties of the Republic of Croatia. The peculiar-
ity of the Croatian coast is its large indentation with numerous
settlements surrounded by a dense forest of Aleppo pine. This
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Fig. 4. Proposed GAN architecture for synthetic wildfire smoke image generation

Fig. 5. Original 1920×1080 resolution image taken from a surveillance camera
and a positive 224×224 sample containing emerging smoke in its early
phase. The smoke sample is shown magnified by a factor of 2.

means that practically the whole area is a Wildland Urban
Interface [49], and the main requirement for the surveillance
system is early forest fire detection, preferably in the first 5
minutes of ignition. Therefore, only images within the first
5 minutes of the first visible signs of smoke were taken
into account when forming the dataset. To ensure maximum
objectivity of the experiment, 16 randomly selected locations
of the surveillance system were excluded as a source for
the training data. No images from these locations were used
to create the training dataset for either positive or negative
samples. These 16 locations were used to collect images for
the test dataset. This ensured that no sample in the test dataset
was related in any way to any image used in the training
process, for training a GAN or for training a classifier used
for evaluation of the resulting GAN model.

From the image archive collected from the set of training
locations a total of 4127 positive samples were collected,

i.e., samples containing emerging smoke of the forest fire in
early ignition phase. Samples were taken as 224x224 patches
from 1920x1080 resolution images from surveillance cameras.
Samples were taken without any processing, including scaling
or improving image quality in any way. An example of a
positive sample taken from surveillance camera images is
shown in Figure 5. The same number of negative samples,
i.e., samples not containing smoke, was collected from the
same source. From the set of 16 surveillance locations set
aside to collect test images, a balanced test dataset was created
containing 681 positive and the same number of negative
samples.

B. GAN Training

The proposed GAN architecture was trained on 4127 pos-
itive samples from the training dataset. The discriminator
and generator were optimized using the Adam optimizer
with learning rates of 0.0003 and 0.0001, respectively, with
β1 = 0.5 and β2 = 0.999. The proposed GAN architecture hy-
perparameters were selected empirically based on preliminary
experiments, to ensure stable training. The network was trained
for 2000 iterations, with convergence assessed based on the
stabilization of losses and visual inspection of the generated
samples. Table I shows the parameters that were used for
GAN training. For input in a generator network, we used a
256-dimensional latent space vector. The discriminator and
generator use different learning rates to prevent the discrimi-
nator from becoming too dominant during training. Figure 6
shows different iterations of the training process, illustrating
progressive improvement of the generator output with each
iteration. The discriminator and generator loss curves during
the training process are shown in Figure 7.
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Fig. 6. GAN-generated output samples at the first four training iterations, illustrating progressive improvement of the generator

TABLE I
GAN TRAINING PARAMETERS

Size of the input image to discriminator 224x224x3
Size of discriminator output real or fake

Size of latent vector to provide the generator 256
Size of discriminator output (generated image) 224x224x3

Optimizer Adam optimizer
Discriminator learning rate 0.0003

Generator learning rate 0.0001
β1 0.5
β2 0.999

Number of iterations 2000

Fig. 7. Discriminator and generator loss curves during the training process

C. GAN Evaluation

We aim to examine the quality of the synthetic images
produced by the proposed GAN model in order to evaluate
the suitability of using the GAN in problems where the object
or phenomenon of interest in an image is fuzzy, and a large

enough set of annotated data is not available, specifically to
generate smoke images in the early stages of a forest fire. To
compare real and synthetic data and assess the contribution
to the information diversity that can be obtained by adding
synthetically generated images to a training dataset, an exper-
iment was set up in which the same CNN architecture was
trained using different datasets.

Standard metrics such as Fréchet Inception Distance (FID)
and Inception Score (IS) measure perceptual realism for sharp,
high-quality images. In specialized domains, these metrics
may not reliably reflect the actual usefulness of the generated
samples. As a result, improvements in FID or IS do not neces-
sarily translate into better performance in domain-specific ap-
plications such as the one considered in this study. Therefore,
we focused on evaluating the effectiveness of the generated
images through their impact on classifier performance.

In the experiment, the VGG16 network architecture [50] was
used. VGG16 was chosen for its generally good performance
in classifying small objects in an image. Most of the param-
eters of the VGG16 model were left at their default values,
as the focus of this study was the proposed GAN architecture
and the classifier was only used as a tool for GAN evaluation.
We used transfer learning with a pre-trained VGG16 network
trained on Imagenet dataset and we trained only the last layer.
The parameters that were used for training are shown in Table
II. The same parameters were used in all experiments.

A trained GAN model was used to create a set of 2500
synthetic smoke images. Using these data, two distinctive
datasets were created:

1) Real dataset, containing a total of 8254 images (4127
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TABLE II
VGG16 TRAINING PARAMETERS

Optimizer Adam
Learning rate 1e-5
Batch size 16
Class mode binary
Number of iterations 500

positive and 4127 negative samples) taken from surveil-
lance cameras without any preprocessing. The structure
of the real dataset is shown in Table III.

2) Hybrid dataset, containing 4127 positive samples from
cameras and 2500 synthetically generated images of
smoke. To produce a balanced dataset, an additional
2500 negative samples were extracted from the surveil-
lance system archive. These additional negative samples
were taken from the same set of surveillance locations
that were used to collect training data. The structure of
the hybrid dataset is shown in Table IV.

TABLE III
REAL DATASET STRUCTURE

samples number of samples source

positive 4127 surveillance cameras
negative 4127 surveillance cameras

TABLE IV
HYBRID DATASET STRUCTURE

samples number of samples source

positive 4127 surveillance cameras
positive 2500 GAN-generated
negative 6627 surveillance cameras

Examples of original data samples taken from surveillance
cameras are shown in Figure 8, and synthetically generated
examples are shown in Figure 9.

In the first experiment, a VGG16 classifier was trained on
both data sets: the real dataset (Table III) and the hybrid dataset
(Table IV), with data augmentation intentionally disabled
during training. To compare the GAN architecture’s ability
to increase the diversity of the training data with the effect of
common data augmentation techniques, training was started
again on both datasets, this time with data augmentation
enabled. A total of four models were trained as follows:

1) VGG16 trained on real data with data augmentation
disabled.

2) VGG16 trained on a hybrid dataset (real data combined
with GAN-generated images) with data augmentation
disabled.

3) VGG16 trained on real data with data augmentation
enabled.

4) VGG16 trained on a hybrid dataset (real data combined
with GAN-generated images) with data augmentation
enabled.

An illustration of the four experiments is shown in Figure 10.
All four trained models were evaluated on the same balanced
test dataset, containing 681 positive and an equal number

of negative samples. Test data contains only real images,
collected from a separate set of surveillance locations that were
not used to form the training dataset.

Evaluation results are shown in Table V. Classifier (a)
trained only on real data without augmentation has achieved
73.1% accuracy and 75.1% precision. The same classifier,
trained on hybrid dataset without augmentation (b) improves
accuracy to 77.4% and precision to 79.4%. Training the
classifier on real data with enabled augmentation (c) achieved
74.9% accuracy and 77.4% precision. As expected, augmen-
tation improved classifier performance. However, the achieved
improvement is lower when compared to scenario (b), where
the training dataset was expanded by GAN-generated samples.
Finally, the classifier (d) that was trained on hybrid data
(real data and data generated with GAN) with augmentation
enabled achieved 78.8% accuracy and 81.9% precision. Figure
11 presents examples of images from the test dataset that were
correctly labeled as smoke by model (d), but were misclassified
as no smoke by models (a), (b), and (c).

The obtained results shown in Table V clearly indicate
that the use of synthetically generated smoke produced by
the proposed GAN model outperforms standard augmenta-
tion techniques (flipping, random rotation, brightness, etc.).
Moreover, these two techniques are not necessarily mutually
exclusive, as the classifier trained on a hybrid dataset with
augmentation enabled outperformed the other three models.

VI. DISCUSSION AND CONCLUSION

The scarcity of sufficiently large labeled datasets presents
the primary challenge for applying state-of-the-art deep learn-
ing algorithms. To mitigate this problem and prevent overfit-
ting, data augmentation techniques are commonly employed,
ranging from simple operations like rotation or image mirror-
ing to more advanced synthetic image generation algorithms.
This research is focused on generating synthetic images of
forest fire smoke in its earliest stages, only minutes from
ignition, at large distances from the camera. Smoke, as the
first visible sign of a forest fire, is poorly developed at this
stage, often semi-transparent and blended with the background
landscape. In addition, smoke at a distance measured in
kilometers often occupies a very small part of the image.
The quality of images captured by forest fire surveillance
cameras is further reduced by interference such as atmospheric
conditions, lighting effects, and dirt on the camera lens. This
presents an additional obstacle to successful early-stage fire
detection. Acquiring an appropriate training dataset for such
conditions is challenging because only the earliest stages of
fire are relevant, and forest fires are relatively rare occurrences.

In this paper, we investigated the feasibility of using gener-
ative adversarial networks to create synthetic images of smoke
at large distances. Synthetically generated smoke images must
be fuzzy and of low quality, to be as similar as possible to
real images taken from surveillance cameras and suitable for
training DNN-based classifiers. The fundamental problem was
the lack of distinctive visible smoke features in a large number
of images from the training set, which often presents a problem
even for the human expert in charge of labeling the images.
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Fig. 8. Original wildfire smoke samples collected from surveillance cameras

TABLE V
EXPERIMENT RESULTS

train data Aug TP TN FP FN Acc P R F1

(a) real NO 509 487 169 197 73.1% 75.1% 72.0% 73.5%
(b) hybrid NO 539 511 139 173 77.4% 79.4% 75.7% 77.5%
(c) real YES 524 498 153 187 74.9% 77.4% 73.7% 75.5%
(d) hybrid YES 551 523 121 167 78.8% 81.9% 76.7% 79.2%

The main concern was that the synthetic image generator
would output variations on the landscapes that existed in the
training image set, while ignoring the smoke itself.

A GAN model is proposed based on the SRGAN architec-
ture, primarily designed for generating super-resolution images
from lower-quality images. The proposed model uses the
SRGAN architecture’s ability to extract important features
from low-quality images, while removing the output blocks
responsible for generating super-resolution images reduces
the quality of the synthetically generated images. The input
image originally used in the SRGAN architecture was replaced
by a random noise vector to increase the diversity of the
generated samples. Using this approach, synthetic images of
smoke were obtained that are similar to real images with all
the degradations that reduce the quality of images obtained
from surveillance cameras.

The proposed GAN architecture’s ability to generate im-
ages of the emerging forest fire smoke that can improve
classifier performance was tested in an experiment in which
the same CNN architecture was trained on two datasets: one
including only real images and the other including a set of
real images augmented by the synthetic images obtained by
the GAN generator. The obtained results confirm that the
proposed GAN architecture can create synthetic data samples
that can significantly improve the efficiency of deep learning
algorithms. Its demonstrated effectiveness encourages further
development of the GAN architecture and its adaptation for
generating emerging smoke images. In the future, focus will
also include the adaptation and development of deep neural
network architectures suitable for smoke detection on low-
quality images. The proposed technique can be adapted for
landscapes that differ morphologically and vegetatively from
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Fig. 9. Examples of synthetic wildfire smoke images generated by the proposed GAN model

Fig. 10. Illustration of the four experimental configurations used to evaluate
the proposed GAN-based data augmentation approach

the typical Mediterranean environment. It is also applicable to
other domains where images are of lower quality, the object
of interest is not clearly defined, or its rare occurrence makes
it challenging to collect a sufficiently large training dataset.

All datasets used in this research are publicly available for
download by the courtesy of the legal data owner, the company
Odašiljači i veze d.o.o. We plan to expand the datasets with
new images from surveillance cameras, and updated datasets
will be published periodically.
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