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Abstract—Detecting smoke and fire from visual scenes is a
demanding task, due to the high variance of the color and
texture. A number of smoke and fire image classification
approaches have been proposed to overcome this problem;
however, most of them rely on either rule-based methods or on
handcrafted features. We propose a novel deep convolutional
neural network algorithm to achieve high-accuracy fire and
smoke image detection. Instead of using traditional rectified
linear units or tangent functions, we use adaptive piecewise
linear units in the hidden layers of the network. We also have
created a new small dataset of fire and smoke images to train
and evaluate our model. To solve the overfitting problem
caused by training the network on a limited dataset, we
improve the number of available training images using
traditional data augmentation techniques and generative
adversarial networks. Experimental results show that the
proposed approach achieves high accuracy and a high
detection rate, as well as a very low rate of false alarms.
Index Terms—smoke detectors, neural networks, image
classification, image recognition, image generation.

I. INTRODUCTION
Detecting fire or smoke at an early stage is a crucial to
facilitate intervention in time to avoid large-scale damage.
Several methods and tools have been using to recognize fire
or smoke in visual scenes. Most of the traditional fire and
smoke detection methods use sensor-based tools, which are
supposed to detect the presence of the smoke or flame. The
main disadvantage of such sensors is that they can generally
only recognize fire or flame near the places where they are
installed, and this limits their effectiveness in large covered
areas. Moreover, flame or smoke detection sensors cannot
provide enough information about the direction, initial
location, or size of the fire.
Various video and image-based algorithms have been
suggested for overcoming the imperfections of the abovementioned techniques. These methods, outlined below, use
images or videos captured by cameras, which can be
installed in both indoor and outdoor environments to detect
fire and smoke. Chen et al. [1] suggested a smoke detection
method based on video processing. A chromatically-based
static decision rule and diffusion-based dynamic decision
rule is used to draw conclusions about whether each pixel
does or does not represent smoke. Another method,
provided by Toreyin et al. [2], uses motion and color clue
features combined with edge blurring and flicker features, to
detect fire and flame. A video-based optical flow method
was developed by Mueller et al. [3], essentially an optimal
mass transport model using the features of the flow direction

and magnitude to differentiate between fire and non-fire
motion. Computer vision based measurement method which
uses GIS-based augmented reality to measure the
dimensions of the flame was proposed by Bugarovich et al.
[4]. Yet other approaches have been suggested that create a
rule-based algorithm using the color, shape, and temporal
aspects of fire and the smoke in images [5].
The main purpose of the above-mentioned methods is to
create a rule-based algorithm that relies on handcrafted
features, or specific expert knowledge. The main features of
smoke and fire can be very diverse, depending on many
factors including formation, texture, and color, making it a
complicated task for those algorithms to achieve high
accuracy in detecting fire and smoke from natural images.
Another approach is using deep learning algorithms to
detect and extract important features of color and smoke
from images and videos. Despite the fact that deep learning,
particularly convolutional neural networks (CNN), achieves
excellent results in solving visual recognition problems,
only a few studies have been undertaken using these
methods in smoke or fire detection. For instance, Zhang et
al. [6] proposed two joined deep CNNs to detect fire in
forest images. In this approach, firstly, the whole image is
tested by a global image classifier; then if a fire is detected
in any region, another classifier is used to identify the exact
location of the fire in that image. A deep CNN model for
smoke detection was suggested by Tao et al. [8], inspired by
AlexNet [7]. While those approaches use existing deep
learning methods for fire or image detection, Yin et al. [9]
developed a deep normalization and CNN model for image
smoke detection.
The goal of most of the existing approaches is detecting
either smoke or fire from images, but as explained, they
suffer from a variety of limitations. To solve the problem of
these limitations, in this paper, we propose a novel deep
CNN model for fire and smoke image classification. This
method is capable of classifying both smoke and fire images
at the same time, and offers many advantages and exhibits
better performance than other existing visual recognition
CNN models for the recognition of fire and smoke in
images.
Another contribution of our work is a new dataset which
consists of 2440 fire and smoke images. As far we know
there is no any public dataset for smoke or fire image
detection, and thus, we create a dataset of fire and smoke
images that can be used to train our network and test our
method. As CNN models require a huge quantity of images
to train effectively, we use various data enhancement
techniques to create more training examples from the
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limited number of original images of our data benchmark.
We use a combination of traditional image transformation
methods and generative adversarial networks (GANs) [10]
for generating new training images, which boosts the
performance of our network as well as to solving the
problem of overfitting.
The rest of the paper is organized as follows. Section II
gives a brief review of deep CNN and different data
augmentation techniques. The architecture of our novel
network for fire and smoke image classification, as well as
data enhancement techniques that we use, are explained in
Section III. Experimental results and a comparison of the
performance of our model with different state-of-the-art
models detailed in Section IV. Section V concludes the
paper.
II. RELATED WORK
This section provides a review of previous research on
deep CNN for pattern recognition, and data augmentation
techniques to improve the performance of the classification
algorithms
1) Convolutional Neural Networks
The development of CNNs brought notable improvements
in the performance of many computer vision tasks, in
particular, visual recognition and image classification
problems. LeCun et al. [11] achieved one of the very first
successful results in this field by proposing a CNN
algorithm called LeNet-5 which was applied to recognize
hand-written characters. Since then, researchers have found
that the classification performance of a CNN can be
improved by increasing its depth. However, deeper networks
also demand more computational capacity and energy
consumption. Recently, the availability of large-scale
datasets and the development of very powerful GPUs have
allowed researchers to make CNNs very deep. For instance,
a deep CNN network called AlexNet, proposed by
Krizhevsky et al. [7], achieved excellent performance (top-1
and top-5 error rates of 37.7% and 17.0%) in the 2012
ImageNet Large Scale Visual Recognition Challenge. There
was no clear understanding of why deep CNNs show very
good classification performance until the visualization
technique proposed by Zeiler et al. [12] provided an
intuitive understanding of the functions of intermediate
feature layers. Additionally, some other algorithms based on
deep CNNs have also demonstrated very good performance
in image classification, such as [13-17].
2) Data Augmentation
The reason behind the success of deep CNNs in visual
recognition problems is not only the development of better
network architectures, or the presence of powerful
computational environments, but the availability of a vast
quantity of image data. Most of the successful deep CNNs
achieved good results when they trained with thousands of
high-resolution images. However, when it comes to some
specific tasks, such as fire or smoke detection problems,
such large datasets are not available for training. The main
problem of neural network models trained with limited data
is overfitting, which means they cannot generalize data well
from the validation and test set. Use of data augmentation
techniques for creating new training samples is considered
one of the simplest way of reducing the overfitting problem
122
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in neural networks [12].
The most common type of data enhancement technique is
enlarging the image dataset using label-preserving
transformations [18]. Performing other geometric and color
augmentations, such as cropping part of the image, rotation,
scaling, flipping, shearing, or changing the color space of
original images can also be used to improve a number of
training examples.
Another way of creating new training image samples is
using generative models. GANs [10] is an algorithm for
estimating generative models that use the min-max strategy,
where a generative model G generates similar samples from
the original data distribution, and a discriminative model D
is trained to estimate the probability that a sample came
from training data rather than G.
A method for image-to-image translation using cycleconsistent adversarial networks (CycleGAN), proposed by
Zhu et al. [19], can be used for transferring images in one
setting to another. For instance, images of different seasons,
or different weather conditions can be generated by using
only data collected on one season/weather conditions. This
image generation technique for data augmentation improves
the diversity of the image data.
III. PROPOSED APPROACH
1) Image Dataset
Deep learning methods for image recognition tasks are
often based on learning millions of parameters.
Additionally, this process requires the collection of a huge
number of images. To the best of our knowledge, there is
not any public data benchmark available which consists of
smoke and fire images. Therefore, we created a dataset of
such images, called SetA, which consists of 2440 highresolution natural images as listed in Table I. Some sample
images from this dataset can be seen in Fig. 1.

Figure 1. Example images from the SetA image dataset: a) fire images; b)
smoke images.

2) Data Augmentation
Despite having a deep and robust CNN algorithm, high
recognition cannot be achieved unless a huge number of
training images are provided. This is because of the
overfitting problem, where a network trained with a small
number of images cannot generalize well on new, unseen
test data. To solve this problem, we increased the number of
training images using some data augmentation techniques.
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Figure 2. Some example images generated using GANs: a, d) original fire and smoke images; b, e) new winter images generated using GANs; c, f) new
night images generated by GANs
TABLE I. ORIGINAL AND AUGMENTED IMAGE DATASETS FOR FIRE AND
of winter photos, we used some seasonal images of
SMOKE IMAGE CLASSIFICATION SYSTEM
Yosemite (both winter and summer) downloaded from
Number
Number of fire
Flickr as explained in [19], and other images that were taken
of smoke
Type
Dataset
images
images
on snowy days. We follow the full training and image
SetA
1220
1220
Original
generation process outlined in [19]; post-training, we use
SetB
2250
2250
Augmented
only summer photos from our dataset to create winter styles
SetC
1282
1248
Augmented
for each image. This method helps us to create 747 new fire
SetD
4282
4248
Augmented

a)
Traditional Image Transformations
Generating new images using traditional image
transformations includes making color and geometric
augmentations such as changing the color palette, or
cropping and translating the image by some degrees.
Considering the key role that color features play in
recognition problems for smoke and fire images, we use
only geometric transformation. In this work, for every input
image in the training set, we created other new 4 images
using horizontal and vertical flip and rotation by 90 and 180
degrees. We generate SetB, consists of the new images that
were created using geometric transformations as listed in
Table I.
b)
Generative Adversarial Networks
Despite the fact that increasing the number of training
images using standard data augmentation helps a network to
learn features more effectively, this technique generates
only limited alternative data. In order to improve not only
the number of images, but also the diversity of those images
that we use for training, we use the Unpaired Image to
Image Translation using Cycle-Consistent Adversarial
Networks [19] and the Image-to-image Translation with
Conditional Adversarial Networks [20] methods for data
augmentation. The idea of using these image style transfer
techniques is to create new images so our network can learn
more features of fire and smoke as these appear in different
seasons, styles, and light conditions.
Firstly, for each fire and smoke image of our original
dataset, we generate new images using the season transfer
technique of the CycleGAN algorithm [19]. There are 747
fire images and 695 smoke images in our dataset, which
were taken in the summertime. To learn to mimic the style

images and 695 new smoke images that resemble winter
photos.
Secondly, for each daytime photo of our fire and smoke
image dataset, we create night-time images using the idea
proposed in [20]. There are 532 day-time fire images and
498 day-time smoke images in our original dataset, and so
1030 new fire and smoke images are generated using this
method. Then, we create a new dataset called SetC which
includes images created by both GAN methods mentioned
above, as listed in Table I. Some examples of the new
images generated by GANs can be seen in Fig. 2.
3) Network Architecture
We have created a novel CNN for fire and smoke image
classification using some of the ideas fundamental to VGGNet [16], which showed excellent results in the classification
task of the 2014 ImageNet Challenge. Considering the fact
that that we only solve a three-class problem, we create a
network that is not deep as the original VGG-net; it consists
of 12 layers, as shown in Fig. 3. The network has six
convolutional and three pooling layers for feature extraction,
and three fully-connected layers, in the end, for
classification.
The main modification we make to the VGG-Nets
approach in our CNN model is using the adaptive piecewise
linear activation (APL) function [21], instead of using
traditional ReLU functions in convolutional layers. This
contribution improves the performance of the network,
despite having some additional features which increase the
training time (the detailed experimental results in are shown
Section IV). Another difference between our deep CNN and
the original VGG-net is we use a different number of filters
in convolutional and pooling layers.
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Figure 3. The architecture of the deep CNN for fire and smoke image classification. The network consists of twelve layers: six convolutional layers (cuboids
with solid lines), three max-pooling layers (cuboids with dotted lines) and three fully connected layers at the end. Blue numbers under cuboids denote the
number of filters, black numbers denote the widths and heights of the feature maps and red numbers denote the number of neurons in the fully-connected
layers.

a)
Convolutional Layers
We use small-size 3 x 3 convolutional filters for all
convolutional layers. Each of first two convolutional layers
has 32 feature maps, and after each pooling layer, we double
the number of filters. Therefore, the third and fourth
convolutional layers include 64 feature maps, whereas there
are 128 feature maps in each last convolutional layer.
b)
Adaptive Piecewise Linear Units
Traditionally, rectified linear units (ReLUs) have been
used in most famous CNN models as they tend to be much
faster than tangent and sigmoid functions [12]. However, we
use APL units, proposed by Agostinelli et al. [21], instead of
using traditional ReLUs in our CNN model. As we show in
Section IV, this approach improves the classification
performance of our network.
The activation function hi ( x ) of an APL unit is a
sum of hinge-shaped functions,
S

hi  max(0, x)   ais max(0,  x  bis )

(1)

s 1

The result of Eq. (1) is piecewise linear activation
function which computes the output of each neuron in
feature extraction layers. Here, S denotes the number of
s

hinges, and it is set as a hyperparameter. Variables ai and

bis for i 1,..., S are learned using gradient descent during

time, as well as to address the risk of the overfitting
problem. Traditionally, pooling layers are connected to
convolutional layers.
Average pooling or max pooling is most commonly
used in deep learning models. The former uses the average
activation value over a pooling region, whereas the latter
selects the maximum activation value. The max pooling
technique is used in our network. We apply the same
method for all three pooling layers over a 2 x 2 pixel
window with stride 2.
d)
Fully-connected Layers
After convolutional and pooling layers, we add three
fully-connected layers to perform the classification.
Generally, fully-connected layers include most of the
learnable parameters. In our case, the first two fullyconnected layers have 2048 channels each, and the third
layer (which is the output layer of the network) contains
three neurons and performs 3-way fire, smoke, and
background image classification. To prevent overfitting, we
use the dropout technique in the first two fully-connected
layers. We use the softmax function, which computes the
probability for each class in the third fully-connected layer.
Let the output of the second fully-connected layer
and
probabilities
for
three
classes
be
F2,
be y

 [ y1 , y2 , y3 ]T . The probability y j for any class j is

computed by the softmax function:

yj 

s

training. The ai variables control the slopes of the linear
s

segment, while the bi variables determine the location of
images.
Using APL units requires the additional number of
parameters to be learned; this is computed by 2SM, where M
denotes the total number of hidden units in the network. As
the number of hidden layers (M) in our network is
predefined, the proper value for S which defines the
complexity of the activation function is determined during
the validation process and it is explained in Section IV, B.
c)
Pooling Layers
Feature maps in convolutional layers are used to extract
features. The role of pooling layers in CNNs is to attain
special invariance by reducing the resolution of those
feature maps. This can help to decrease the computational
124

exp( Fj2 )
3

 exp( F
i 1

2
j

, j  1, 2,3

(2)

)

4) Network Training
The training procedure of our network generally follows
the original VGG-net [16] procedure. All training-relevant
hyper-parameters are set as given in Table II.
Hyperparameter
s
Value

TABLE II. HYPER-PARAMETERS FOR TRAINING
Initial
Learning
MiniMomen
Dropout
learning
rate decay
batch
tum
ratio
rate
coefficient
size
64
0.9
0.5
0.01
0.005

Weight initialization in neural networks is very important
since the better the initialization, the better the network can
learn. We initialize the weights using Xavier initialization
[22], and the network is trained using stochastic gradient
descent.
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TABLE III. IMAGE DATASETS FOR TRAINING, TESTING, AND VALIDATION
Number of fire
Number of
Number of background
Total number of
images
smoke images
images
images
750
750
825
2325
3000
3000
3000
9000
1282
1248
1300
3830
4282
4248
4300
12830
220
220
450
890
250
250
500
1000

IV. EXPERIMENTAL RESULTS AND ANALYSIS

FAR 

All experiments are performed using the Keras software
package on the Ubuntu 16.04 operating system, running on a
PC with Intel(R) Core(TM) i7-7700HQ CPU 2.80 GHz with
an Nvidia GTX 1050 Ti GPU. For comparative purposes,
we also implement some of the other leading deep CNNs
using Tensorflow software package [24].
To carry out our experiments, we create six image
datasets using our original images in SetA and the
augmented images in SetB and SetC (Table I). We name
these sets Set1, Set2, Set3, Set4, Set5, and Set6, as given in
Table III. The first four datasets in the table are used for
training, whereas Set5 and Set6 are used for validation and
testing, respectively.
The validation set consists of 890 images, with an equal
number of smoke and fire images (220), and 450 images
with no smoke or fire which we call background images.
Set6, used for testing and evaluating our results, has 1000
images in total, once again with an equal (250) number of
smoke and fire images, and 500 background images. Both
validation and test sets are created by using smoke and fire
images from our original dataset (SetA; refer to Table I in
Section III-A) and adding background images which are
taken from various publicly available datasets.
In Set2, which consists of 9000 images, there are 3000
smoke, fire, and background images. Smoke and fire images
are taken from SetB which consists of newly generated
images resulting from the application of traditional image
translation techniques. We also add smoke and fire images
from our original dataset, and 3000 background images, to
construct a new, larger, balanced training set.
Another large training set is created using smoke and fire
images generated by GANs. We call this dataset Set3, and it
has 1248 smoke images and 1282 fire images generated by
using generative nets, and 1300 background images.
The largest dataset for the fire and smoke classification
system is created by combining images from our original
dataset and images that are generated by using traditional
image transformations and GANs. We call this dataset Set4I,
and it has 12830 images comprised of 4282 fire images,
4248 smoke images, and 4300 background images.
1) Evaluation Methods
In order to compare the success of using data
augmentation methods to improve the performance of the
network, the role of some hyper-parameters, and how our
network rates against some other deep CNN models, we use
evaluation methods from [23], defined as follows:

DR 

Pp
Qp

 100% ,

(3)

AR 

Np
Qn

100% ,

Pp  N n
Qn  Q p

100% ,

Purpose
Training
Training
Training
Training
Validation
Test

(4)

(5)

where DR, FAR, and AR are Detection Rate, False Alarm
Rate, and Accuracy Rate, respectively. Moreover, Qp
denotes the number of positive samples, which is the total
number of smoke and fire images in our test data, and Qn
denotes the number of negative examples (background
images); Pp and Np are the number of correctly classified
positive examples and a number of falsely classified
negative examples respectively. Our goal is to achieve a
high accuracy rate (AR) and high true positive rate (TPR) as
well as a low false alarm rate (FAR) simultaneously.
2) Effects of the APL unit hyperparameter
To show the role of changing the APL unit hyperparameter, S, that controls the complexity of the activation
function, we list the evaluation results of our deep CNN
with different S values in Table III. We train the network
using Set1 with varying values of S and evaluate the results
using the validation set, Set5. Results show that when we set
S = 5, we achieve the best AR and FAR, with the secondbest performance for DR.
TABLE IV. EVALUATION RESULTS OF THE NETWORK WITH DIFFERENT
HYPER-PARAMETER VALUES IN APL UNITS
Additional
Value
AR (%)
DR (%)
FAR (%)
learnable
of S
parameters
S=1
94.05
92.58
0.79
11
S=3
94.33
0.68
33
93.15
S=5
93.12
55
94.85
0.63
S=7
93.47
92.07
0.82
77

Figure 4. Training curves of a deep CNN with different values of S, in APL
units.

Moreover, changing the value of S results in a change in
the number of additional learnable parameters. Inevitably,
this has an influence on the training process as illustrated in
Fig. 3. When we set S = 1, training accuracy reaches
approximately 96% after about 35 epochs and remains
stable. As for S = 3, and S = 5, despite training for more
125
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epochs to achieve the highest training accuracy (around
98%), these values are more suitable than others because of
the advantage offered in the performance of evaluation
results as given in Table IV. When S =7, training accuracy
does not surpass 93%, the worst case for our problem.
3) Experiments with different activation functions
To demonstrate the advantages of using APL units over
traditional ReLUs and tangent functions, we compare the
results of our deep CNN network model with APL units in
hidden layers versus ReLU functions and tangent functions.
We only change the activation functions of our model to
ReLU and tangent functions; other hyperparameters remain
unchanged. We train all networks using Set1 and evaluate
using Set6. Evaluation results, listed in Table V, show that
our network performs better with APL units in hidden layers
than with ReLUs and tangent functions. Specifically, we can
achieve the highest AR of 94.85% and DR of 93.12%, as
well as the lowest FAR of 0.63%, when we use APL units in
the hidden layers of our deep CNN model.
TABLE V. EVALUATION OF PERFORMANCE OF OUR DEEP CNN WITH
DIFFERENT ACTIVATION FUNCTIONS
Activation functions
AR (%)
DR (%)
FAR (%)
ReLU
93.51
90.68
0.91
Tangent
91.75
89.87
1.21
APL units
94.85
93.12
0.63

Figure 5. The training curves of the deep CNN with different activation
functions.

Moreover, our network with APL units reaches the
highest training accuracy around 98 % after about 65
epochs, and then it remains stable. The training accuracy of
the same network with ReLUs and tangent functions is not
higher than 96 %, and they become stable after about 150
and 200 epochs respectively. This means that our network
consumes fewer computing resources and works faster to
learn features of fire and smoke when it has APL units in
hidden layers than when it has ReLUs and tangent functions.
The detailed training process of our network with different
activation functions is illustrated in Fig. 5.
4) Experiments with data augmentation
Experimental results in the previous section show that the
Accuracy Rate of our network reaches only around 94% and
there is a considerable FAR error. One of the reasons for the
poor performance of the network is the overfitting problem.
This means that despite the fact that training accuracy
becomes very high after only 50 epochs, a network trained
with only 2325 images does not perform well on test data.
To solve this issue, we train the network with other datasets
in which we increase the number of images using different
data augmentation techniques. This idea helps our network
to achieve better performance.
126
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The testing results listed in Table VI show that when we
train our network on the larger datasets we can achieve
better accuracy and detection rates as well as a lower error
rate. For example, when we train the network on Set2, AR
increases from 94.85% to 95.87%, and DR increases from
93.12% to 93.41%, while there is minor drop in FAR from
0.63% to 0.60%. This shows that when a network is trained
on larger, balanced datasets which include images of smoke
and fire in different weather conditions and seasons, it can
learn the features of fire and smoke better. Experimental
results of our deep CNN trained on Set3, which consists of
images generated using GANs, are better than those the
network trained on the original dataset, Set1.
TABLE VI. EXPERIMENTS WITH DATA AUGMENTATION
AR (%)
DR (%)
FAR (%)
Datasets
Set1
94.85
93.12
0.63
Set2
95.87
93.41
0.60
Set3
95.21
93.91
0.58
Set4
97.15
96.18
0.33

Inspired by the progress made using data augmentation
techniques, we decided to train our deep CNN using Set4.
This dataset is created by combining two data augmentation
techniques and it consists of 12830 images. When we
evaluate results on test data, as shown in Table VI, we
achieve considerably better results compared with the results
of the network trained on smaller sets. Using data
augmentation techniques improved the accuracy rate and
detection rate by more than 2% and 3% respectively.
Finally, using Set4, we achieve a 97.15% accuracy rate, a
96.18% detection rate, and a very low 0.33% false alarm
rate. Experimental results indicate that the overfitting
problem can be solved when we generate more images using
data augmentation techniques and generate larger, balanced
datasets to train the network.
5) Comparisons with Other Deep CNNs
To show the advantages of our method and the usefulness
of using data augmentation in our task, we compare our
deep CNN method with several other deep CNN methods
that performed well on visual recognition problems. We
compare the evaluation performance of our method with the
prototypical deep CNN network, AlexNet [7], and the other
well-known networks ResNet [14] (ILSVRC' 15) and
DenseNet [17] that achieved excellent performance on the
ImageNet challenge. We implement all networks by
ourselves and train on both the original and the augmented
data. We use different sizes of images for different network
architectures, but the mini-batch size was set to 64 for all
networks. All training-relevant hyper-parameters of our
network are as listed in Table II.
All networks are trained using both the original images in
Set1, and the augmented images in Set4; Set5 is used for
validation and Set6 for testing. Although our network does
not show the best results compared with other networks
when it trains on a small number of images, its performance
improves when data augmentation comes into play. For
example, our deep CNN trained on the augmented dataset
achieves the highest AR and the lowest FAR of all four
networks, although DenseNet [17] achieves better DR than
our network in this case. Without data augmentation, the
only metric on which our deep CNN performs best is FAR.
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Deep CNNs
AlexNet
ResNet
DenseNet
Our method

Input image
size
227
32
224
128
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TABLE VII. COMPARISONS WITH OTHER DEEP CNNS
Original data
AR (%)
DR (%)
FAR (%)
AR (%)
93.41
92.85
0.86
96.15
93.91
0.72
96.82
93.15
92.31
0.66
97.05
94.66
94.85
93.12
0.63
97.15

Augmented data
DR (%)
FAR (%)
95.25
0.57
95.81
0.35
0.49
96.57
96.18
0.33

Figure 6. Training and validation curves of our deep CNN, DenseNet, ResNet, and AlexNet. a) The training curves, b) The validation curves.

Training and validation processes of all networks are
shown in Fig. 6. We illustrate the training curves using the
augmented dataset, Set4, and validation using Set5. In both
cases, our network achieves the highest accuracy at the best
speed of all the networks (around 65 epochs for our
network, whereas DenseNet and ResNet require around 100
epochs to achieve 98% training accuracy). As AlexNet
learns a vast number of parameters, it needs almost 180
epochs to achieve 97% training and 96 % validation
accuracy.
6) Comparisons with other fire and smoke recognition
methods
As we mentioned in Section I, there have been conducted
little research on fire and smoke image recognition using
deep CNNs. Moreover, all of the existing CNN algorithms
are capable of classifying either only smoke [9] or fire [6]
from natural images. In this section we explain the
difference and the similarities between Deep Normalization
and Convolutional Neural Networks (DNCNN) for smoke
detection [9] and our method for fire and smoke image
classification.
The main contribution in the DNCNN algorithm is that
traditional convolutional layers have been replaced with
normalization and convolutional layers, whereas we used
normalization technique for only input images. Another
considerable difference between our approach and DNCNN
is that we found APL units efficient as activation functions
for hidden layers of the network, while authors of the
opposite work claim that ReLUs demonstrate better
performance for smoke recognition task.
Despite the fact that DNCNN is developed for
recognizing only smoke images, we modified the output
layer of the network to be able to perform 3-way - fire,
smoke and background image classification. Both our work
and this algorithm have been trained in the same
environment, using the largest dataset, Set4 (Table 3) and
validated using Set5. Experimental results and other hyperparameters of the networks are illustrated in Table VIII.

TABLE VIII. COMPARISONS BETWEEN OUR APPROACH AND DNCNN
Input
Training
AR
DR
FAR
image
time per
Algorithms
(%)
(%)
(%)
size
epoch (s)
DNCNN
48
92.12
90.31
1.15
54
Our method
128
73
94.25
92.06
0.92
with ReLU
Our method
128
69
97.15
96.18
0.33
with APL

The experimental results in Table VIII demonstrate that
DNCNN consumes less time for per training epoch than
both versions of our method. This is because of the input
image size and as well as the impact of normalization
technique in DNCNN algorithm. On the other hand, our
method with APL units demonstrate the best evaluation
performance in the test data by achieving the best accuracy
and detection rates as well as the lowest false alarm rate,
which are the main factors of the recognition algorithms.
Overall, comparisons of our deep CNN network with
other approaches show that our method achieves better
performance in fire and smoke image classification tasks
when trained and tested with the data we provided.
7) Discussion
Fire and smoke recognition algorithms are generally used
to warn possible disasters in order to avoid huge damages.
Therefore, these types of methods should be very efficient
and robust in detecting fire or flames, as well as should
prevent false alarms. One major problem we face during the
development and generalization of our algorithm is that
images with huge cloud of dust can be mistakenly classified
as smoke because of the visual similarities between dust and
smoke. To solve this misclassification problem and reduce
the false alarm rates we collected 200 dust images and
augmented using the techniques explained in Section II.
After augmentation procedure, we have new 1150 dust
images and 1000 of these images have been added as
background images to Set4 and new dataset named Set4.1
has been created. Remaining images are added to the Set6,
in order to create new test data, namely Set6.1.
We retrained the network using newly generated Set4.1
and tested using Set6.1. Experimental results in the Table
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IX show that adding dust images to the training data
decreased the false alarm rates.
TABLE IX. COMPARISONS OF FAR RESULTS OF THE NETWORK TRAINED
WITH DIFFERENT DATASETS
Number of dust
Total number of
Training
images in training
FAR (%)
training images
data
dataset
Set4
12830
0
11.53
Set4.1

13830

1000

[5]

[6]

[7]

3.56

Evaluation results in the Table IX demonstrate that, the
network trained without dust images as background class
performs very bad by misclassifying more than 11 % of dust
images. Adding 1000 dust images in training helped to solve
this problem, by decreasing FAR to 3.56 %.

[8]

[9]

V. CONCLUSION
In this paper, we showed that very high classification
performance can be achieved using deep CNNs, even when
limited data is provided. The overfitting problem, caused by
a limited set of image data for training, leads to poor
performance in neural network models. To solve this
problem, we enlarge our training sets using various data
augmentation techniques. The use of GANs to create
additional training samples improves the diversity of data
available, and helps the network to learn fire and smoke
features under different weather and light (day-time and
night-time) conditions. Furthermore, applying another
activation function, the adaptive piecewise linear function,
facilitates notable performance improvements in our deep
CNN model, without significantly increasing the number of
learnable parameters.
In the future, we intend to expand on our current work
and develop a robust fire and smoke detection algorithm
capable of pinpointing the location of fire and smoke.

[10]

[11]

[12]
[13]

[14]

[15]
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