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Abstract

Correct and timely detection of fires has been an active area of research. Both shallow learning (with manual feature engineering),
as well as deep learning (with its promise of automatically extracting meaningful representations from the data) approaches, have
been used to solve fire detection problems. Most deep learning systems outperform the hand-crafted algorithms for fire detection,
particularly due to the enormous potential offered by Convolutional Neural Network and its variants. The design problem is further
compounded when the model is intended to be deployed on a low-computationally-intensive portable and mobile hardware. This
requirement calls for a model which has a suitably small size on disk (translating to a lesser number of parameters to be estimated).
Although some MobileNet based solutions are available which are superior to their counterparts (both in terms of increased ac-
curacy as well as reduced complexity), there is still scope for improvement. The present work endeavors to demonstrate this by
proposing a modified MobileNetV2 architecture and a better transparent data handling strategy that is capable of outperforming
the existing solutions while being computationally viable for deployment on less able hardware.
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1. Introduction

Almost all buildings such as large and small-scale industries, households, public places like sports stadiums, shop-
ping malls, and movie theaters, are prone to accidents due to fire. As per the National Fire Protection Association, a
fire department in USA has to respond to a fire call every 24 seconds [27]. According to another source [20], the rate
of fire accidents in India has consistently increased over the past and has had a disruptive impact on the businesses
running in the country. According to the FICCI-Pinkerton India risk survey conducted in 2017 [9], fire accidents have
moved up by three ranks from the previous year rankings, to hold the fifth position in terms of the risk to businesses.
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In addition, there have been a cumulative of 18, 450 reported major fire accident cases in India in 2015 with a massive
number of 17, 700 people facing death and 1, 193 people being injured. All these accidents point towards the need for
a reliable technology capable of efficient fire detection at an early stage so that timely fire suppression measures can
be employed to prevent major damages.

Present fire detection systems are not entirely reliable because the mainstream fire detectors like thermal, smoke,
and flame detectors rely on the presence of substantial heat, smoke, and radiations from flame in order to get triggered
[1]. Also, their operation often leads to delays in fire detection thereby essentially rendering them as consequentially
ineffective fire suppression system. In addition, with such fire detectors, there are inherent problems of false triggering.
For instance, smoke detectors may be triggered even when the smoke has a source other than fire. Moreover, these
methods of fire detection also lack in providing visual feedback of the fire spot to the central system.

These concerns regarding the present fire detecting systems call for more robust and reliable fire detection tech-
niques. One such technique that is capable of enhancing the reliability and efficiency of fire detection, along with solv-
ing the problems associated with conventional fire detection systems, is visual-based fire detection technique. Such
visual-based techniques are also used in diverse range of problems wherever detection or classification by humans or
sensors becomes difficult or inefficient, for instance, in automatic fish recognition [21], segmentation of brain tumor in
MRI images [28], and resistor value identification from resistor images [17] etc. Over the past decade, similar visual
based fire detection techniques have been proposed by various researchers. Initially the hand-engineered approaches
based on image processing and computer vision (CV) were proposed and later years saw increasing performance with
better techniques finally leading to the deep learning based approaches benefited by the rapid advancements in the
field of machine learning (ML) and artificial intelligence (AI).

1.1. Motivation

In some recent works, deep learning (DL) based fire detection techniques [23], [25], [36], [40] are reported to have
better performance as compared to hand-engineered approaches like [32], [30], [3], [39]. The primary reason behind
this significant improvement in performance is that the handcrafted approaches involve manual extraction of relevant
features from images, while typical DL approaches are capable of extracting features from the images contained in the
dataset, there by making them an efficient method of image classification. However, the requirement of hardware with
high computational capacity render such solutions unsuitable for deployment on embedded devices. The reliability
and accuracy of a field-deployable fire detection technique is one aspect, while the potential of the technique to run
on economically feasible hardware is another crucial aspect. The latter aspect is important because a fire detection
technique that cannot be deployed on low-cost hardware makes it harder to be utilized in the form of an end product.

1.2. Contribution

This paper focuses on a DL solution for fire detection which has both the following characteristics: (i) It exhibits
improved fire detection performance over existing solutions (ii) It is also capable of being deployed on commercially
available low-cost, moderate-performance hardware (e.g. Raspberry Pi) (iii) It is suitable for real-time applications.

Our aim is to achieve a better performance than previous approaches while keeping the frame rate obtained on the
hardware device to a value which is reasonable enough for real-time fire detection. We have kept the performance
of the model at the first priority while keeping frame rate as a satisficing factor. We also noticed the absence of a
diverse fire dataset. Toward that end, we also introduce our own dataset compiled from multiple sources including
some challenging fire and non-fire videos which we ourselves shot and compiled. In order to help other researchers
to capitalize on our work, we also plan to open-source our dataset in the near future. Our method is inspired by
the MobileNet V2 variant of the Convolutional Neural Network (CNN) [35], which is a suitable CNN baseline for
embedded and mobile vision applications.

This paper is organized as follows, in section 2 we have discussed about the past research that has been conducted
on computer vision and deep learning based fire detection, section 3 introduces our proposed approach, which is in
turn followed by the brief description of our dataset and the improvements we have made, compared to previous
approaches in terms of diversifying the dataset, subsequent sections include the description of the results with a brief
discussion, and in the final section, we conclude.

http://crossmark.crossref.org/dialog/?doi=10.1016/j.procs.2020.04.044&domain=pdf
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2. Related Work

When the problem of visual fire detection was initially addressed, mostly handcrafted image processing algorithms
were used [4], [2], [31], [29], [33], [22], [18], [10], [13]. Chen et al. [4] used the chromatic and dynamic values of
the fire pixels to create a set of rules, albeit with low accuracy results. Celik et al. [2] used the YCbCr approach and
determined rules to detect fire. Although this technique was good for flame detection, the false detection rate was
high. Rafiee et al. [31] used the static and dynamic properties of the fire and smoke, but with limited accuracy. Qiu
et al. [29] proposed an auto-adaptive edge detection algorithm for fire. Rudz et al. [33] employed the segmentation
approach, which comprised of two steps, k−means clustering followed by filtering. Mueller et al. [22] used the optical
flow technique. Kong et al. [18] used logistic regression and temporal smoothing. Foggia et al. [10] used several
different classifiers and combined the result to accurately determine the fire in real-time. Habiboglu et al. [13] used
the covariance method for a SVM based classification process. However, this method does not work well if the fire is
small and/or distant.

Although the above approaches are capable of running on low-cost embedded hardware for real-time functioning,
the task of manually extracting the features is very tedious and error-prone. In addition, with these methods it becomes
extremely difficult to perform well on various special cases like fires of varying colors, or a moving fire like object
complementing the fire. Therefore, considering that the Convolutional Neural Networks (CNNs) can provide the
advantage of automatic feature extraction from raw images, CNN based deep learning approaches for fire detection
present a better performance and are simpler in comparison to manual feature extraction based visual techniques.

The work that inspired the research community to use CNNs in CV was ‘AlexNet’ [19], after winning the 2012
ImageNet Large Scale Visual Recognition Competition (ILSVRC) [34], [7]. Zhang et al. [40] proposed a method based
on detecting fire patches using fine-tuning with a modified AlexNet. However, since the model had a significantly
large size (∼238MB), it was not suitable for real-time fire detection. Frizzi et al. [12] also worked on CNN based
fire detection but did not use any benchmark fire dataset. Sharma et al. [36] proposed a DL-based fire detection
method utilizing Resnet50 (∼98MB [6]) [14] and VGG16 (∼528MB [6]) [37] as baseline architectures. Although
the dataset (651 images) used for fine-tuning these networks was very versatile as it involved images that are very
difficult to classify, and the accuracy attained was significant, the large size of both VGG16 and Resnet50 rendered
them unsuitable for mobile and embedded vision applications. A recent work that provided a complete comparison
(on a comprehensive fire dataset worthy of being called a benchmark dataset) was done by Muhammad et al. [23].
In their work on CNN-based fire detection, they utilized AlexNet as the baseline architecture and fine-tuned it on
the vast video dataset of Foggia et al. [10]. They also showed the performance of their trained model on another
challenging dataset of Chino et al. [5]. Though there was an improvement in the performance on Foggia’s and Chino’s
dataset as compared to previous handcrafted approaches, the large size of AlexNet was still a problem. Muhammad et
al. in another paper [25] tried to address the problem of high computational power required with AlexNet by taking
‘GoogleNet’ [38] as the pre-trained model for fine-tuning. Although the model was relatively small as compared to
AlexNet [23], the size was still large enough to prevent the model from running on low-cost embedded hardware at a
sufficient frame rate to detect fire in real-time.

To further address the problem of bulky trained CNN-based image classifiers, Muhammad et al. [24] used
SqueezeNet [16] as the baseline architecture and fine-tuned the modified version of the SqueezeNet using the same
datasets as they used in their previous two papers [23],[25]. Though the results show significant accuracy and capabil-
ity of the model to run at 4 frames per second for real-time fire detection on the Raspberry Pi 3B [11], the very small
number of parameters in the model restricts its performance. It is therefore evident that the performance can still be
improved and approximately the same frame rate can be achieved on the same hardware with a CNN architecture that
has a size and number of parameters intermediate between GoogleNet and SqueezeNet.

The most recent work is [26] where they utilized MobileNetV2 [35] as the baseline architecture and obtained better
performance than all previous approaches. However, unlike their previous works, the training dataset they used for
fine-tuning MobileNetV2 also contained Chino’s [5] dataset, which only consists of 226 very challenging images.
Thus, the performance presented in the paper on Chino’s dataset is not a true representation of the their model’s
actual performance on this dataset. To overcome this shortcoming, we do not use the Chino’s dataset as a part of our
training dataset. Instead we emphasized on collecting more realistic fire scenario images. However, testing on Chino’s
dataset is important because of the huge diversity of the images in this dataset and also, following the past trend, for
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smooth comparison, it is mandatory that Chino’s dataset must be refrained from use in training. Moreover, the dataset
Muhammad et al. used for training consisted of 1844 fire and 6188 non-fire images. Therefore, the dataset was not
balanced and better results could be obtained with a balanced dataset.

There are a few other limitations of the methods in [23], [25], [24]. In these works, Foggia’s dataset constituted
a major portion of the training samples. This dataset contains videos that comprise of around 62,690 frames, and is
challenging if a few frames were acquired from each of the 31 videos. However, in these works, all the frames from
each video were used for training and testing purposes. Thus, the accuracy obtained on Foggia′s dataset was not a
true representation of how well the model would perform in the real-world situations as the model was trained on the
images from the same dataset, and the dataset includes a large number of frames that look exactly similar. In addition,
there was no mentioned use of any technique in the papers to enhance the versatility of the training dataset, thereby
making it difficult to ascertain that the model will exhibit the same performance on the real-world images as was
shown on the Foggia’s dataset.

We utilize a model that has architecture similar to MobileNetV2, trained on a balanced training dataset capable of
detecting fire in real-world like scenarios. We also introduce our own dataset, which consists of 25,656 fire images
shot in challenging real-world situations and 6,907 non-fire images taken in the presence of fire like objects in the
surroundings. We have sampled some images from this dataset for training our model. The results obtained in terms
of various metrics are better than the previous methods, and also the frame rate obtained for real-time fire detection
on low-cost embedded hardware is sufficient for accurate real-time fire detection.

3. Proposed Approach

3.1. CV for Mobile and Embedded Applications

When the system lacks computational power, large-sized deep CNNs cannot be used, because they have to ac-
complish many mathematical operations to reach to their final output, which burdens the hardware to its extreme
computational capability and simultaneously makes these deep CNNs unsuitable for mobile and embedded vision
based applications. Some deep networks, which have a very large number of parameters, are VGG-16, AlexNet,
ResNet, etc. Thus, in order to accomplish image classification on mobile and embedded devices, one has to reduce the
total number of parameters so that it could run efficiently on devices with lesser computational power. Some networks
that were designed to do these tasks were the MobileNets [15], [35], GoogleNet [38], and SqueezeNet [16]. These
networks have small size, and are being frequently used in varying levels of embedded and mobile vision applica-
tions. Thus, these CNNs are suitable for use in devices which do not have huge computational capabilities without
compromising significantly on the accuracy of the results. There are two versions of MobileNet viz. MobileNetV1
(4.2 million parameters, typical disk size of 21 MB) and MobileNetV2 (3.4 million parameters, typical disk size of 13
MB). Also, as pointed out in [26], MobileNetV2 proves to be faster than the MobileNetV1 for computer vision tasks
while showing an improved performance.

MobileNetV1 uses an efficient architecture that utilizes depth-wise separable convolutions in order to build the
lightweight deep neural networks suitable for mobile and embedded vision applications. This CNN also uses two
hyper-parameters, width multiplier and resolution multiplier, which contribute to a reduction in the size of MobileNets
with improved efficiency. MobileNetV2 is an advancement over MobileNetV1 and its network design is actually based
on MobileNetV1. It is specifically designed for computer vision applications in mobile and resource-constrained
environments. It retains the same accuracy as that of the other state of the art mobile models while reducing the
number of operations and memory required to a significant extent. The main contribution in this model was the
introduction of a novel layer module, called the inverted residual with linear bottleneck module.

3.2. Framework and Approach

Our model for mobile and embedded application oriented fire detection is inspired by the MobileNetV2 architec-
ture, and is presented in Fig. 1. In a typical DL network, the initial few layers are used for the detection of simple
low-level features while the deeper layers are capable of detecting more specific high-level complex features. There-
fore, we freezed the parameters of the initial layers in MobileNetV2 and removed the last layer from the model.
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different classifiers and combined the result to accurately determine the fire in real-time. Habiboglu et al. [13] used
the covariance method for a SVM based classification process. However, this method does not work well if the fire is
small and/or distant.

Although the above approaches are capable of running on low-cost embedded hardware for real-time functioning,
the task of manually extracting the features is very tedious and error-prone. In addition, with these methods it becomes
extremely difficult to perform well on various special cases like fires of varying colors, or a moving fire like object
complementing the fire. Therefore, considering that the Convolutional Neural Networks (CNNs) can provide the
advantage of automatic feature extraction from raw images, CNN based deep learning approaches for fire detection
present a better performance and are simpler in comparison to manual feature extraction based visual techniques.

The work that inspired the research community to use CNNs in CV was ‘AlexNet’ [19], after winning the 2012
ImageNet Large Scale Visual Recognition Competition (ILSVRC) [34], [7]. Zhang et al. [40] proposed a method based
on detecting fire patches using fine-tuning with a modified AlexNet. However, since the model had a significantly
large size (∼238MB), it was not suitable for real-time fire detection. Frizzi et al. [12] also worked on CNN based
fire detection but did not use any benchmark fire dataset. Sharma et al. [36] proposed a DL-based fire detection
method utilizing Resnet50 (∼98MB [6]) [14] and VGG16 (∼528MB [6]) [37] as baseline architectures. Although
the dataset (651 images) used for fine-tuning these networks was very versatile as it involved images that are very
difficult to classify, and the accuracy attained was significant, the large size of both VGG16 and Resnet50 rendered
them unsuitable for mobile and embedded vision applications. A recent work that provided a complete comparison
(on a comprehensive fire dataset worthy of being called a benchmark dataset) was done by Muhammad et al. [23].
In their work on CNN-based fire detection, they utilized AlexNet as the baseline architecture and fine-tuned it on
the vast video dataset of Foggia et al. [10]. They also showed the performance of their trained model on another
challenging dataset of Chino et al. [5]. Though there was an improvement in the performance on Foggia’s and Chino’s
dataset as compared to previous handcrafted approaches, the large size of AlexNet was still a problem. Muhammad et
al. in another paper [25] tried to address the problem of high computational power required with AlexNet by taking
‘GoogleNet’ [38] as the pre-trained model for fine-tuning. Although the model was relatively small as compared to
AlexNet [23], the size was still large enough to prevent the model from running on low-cost embedded hardware at a
sufficient frame rate to detect fire in real-time.

To further address the problem of bulky trained CNN-based image classifiers, Muhammad et al. [24] used
SqueezeNet [16] as the baseline architecture and fine-tuned the modified version of the SqueezeNet using the same
datasets as they used in their previous two papers [23],[25]. Though the results show significant accuracy and capabil-
ity of the model to run at 4 frames per second for real-time fire detection on the Raspberry Pi 3B [11], the very small
number of parameters in the model restricts its performance. It is therefore evident that the performance can still be
improved and approximately the same frame rate can be achieved on the same hardware with a CNN architecture that
has a size and number of parameters intermediate between GoogleNet and SqueezeNet.

The most recent work is [26] where they utilized MobileNetV2 [35] as the baseline architecture and obtained better
performance than all previous approaches. However, unlike their previous works, the training dataset they used for
fine-tuning MobileNetV2 also contained Chino’s [5] dataset, which only consists of 226 very challenging images.
Thus, the performance presented in the paper on Chino’s dataset is not a true representation of the their model’s
actual performance on this dataset. To overcome this shortcoming, we do not use the Chino’s dataset as a part of our
training dataset. Instead we emphasized on collecting more realistic fire scenario images. However, testing on Chino’s
dataset is important because of the huge diversity of the images in this dataset and also, following the past trend, for
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smooth comparison, it is mandatory that Chino’s dataset must be refrained from use in training. Moreover, the dataset
Muhammad et al. used for training consisted of 1844 fire and 6188 non-fire images. Therefore, the dataset was not
balanced and better results could be obtained with a balanced dataset.

There are a few other limitations of the methods in [23], [25], [24]. In these works, Foggia’s dataset constituted
a major portion of the training samples. This dataset contains videos that comprise of around 62,690 frames, and is
challenging if a few frames were acquired from each of the 31 videos. However, in these works, all the frames from
each video were used for training and testing purposes. Thus, the accuracy obtained on Foggia′s dataset was not a
true representation of how well the model would perform in the real-world situations as the model was trained on the
images from the same dataset, and the dataset includes a large number of frames that look exactly similar. In addition,
there was no mentioned use of any technique in the papers to enhance the versatility of the training dataset, thereby
making it difficult to ascertain that the model will exhibit the same performance on the real-world images as was
shown on the Foggia’s dataset.

We utilize a model that has architecture similar to MobileNetV2, trained on a balanced training dataset capable of
detecting fire in real-world like scenarios. We also introduce our own dataset, which consists of 25,656 fire images
shot in challenging real-world situations and 6,907 non-fire images taken in the presence of fire like objects in the
surroundings. We have sampled some images from this dataset for training our model. The results obtained in terms
of various metrics are better than the previous methods, and also the frame rate obtained for real-time fire detection
on low-cost embedded hardware is sufficient for accurate real-time fire detection.

3. Proposed Approach

3.1. CV for Mobile and Embedded Applications

When the system lacks computational power, large-sized deep CNNs cannot be used, because they have to ac-
complish many mathematical operations to reach to their final output, which burdens the hardware to its extreme
computational capability and simultaneously makes these deep CNNs unsuitable for mobile and embedded vision
based applications. Some deep networks, which have a very large number of parameters, are VGG-16, AlexNet,
ResNet, etc. Thus, in order to accomplish image classification on mobile and embedded devices, one has to reduce the
total number of parameters so that it could run efficiently on devices with lesser computational power. Some networks
that were designed to do these tasks were the MobileNets [15], [35], GoogleNet [38], and SqueezeNet [16]. These
networks have small size, and are being frequently used in varying levels of embedded and mobile vision applica-
tions. Thus, these CNNs are suitable for use in devices which do not have huge computational capabilities without
compromising significantly on the accuracy of the results. There are two versions of MobileNet viz. MobileNetV1
(4.2 million parameters, typical disk size of 21 MB) and MobileNetV2 (3.4 million parameters, typical disk size of 13
MB). Also, as pointed out in [26], MobileNetV2 proves to be faster than the MobileNetV1 for computer vision tasks
while showing an improved performance.

MobileNetV1 uses an efficient architecture that utilizes depth-wise separable convolutions in order to build the
lightweight deep neural networks suitable for mobile and embedded vision applications. This CNN also uses two
hyper-parameters, width multiplier and resolution multiplier, which contribute to a reduction in the size of MobileNets
with improved efficiency. MobileNetV2 is an advancement over MobileNetV1 and its network design is actually based
on MobileNetV1. It is specifically designed for computer vision applications in mobile and resource-constrained
environments. It retains the same accuracy as that of the other state of the art mobile models while reducing the
number of operations and memory required to a significant extent. The main contribution in this model was the
introduction of a novel layer module, called the inverted residual with linear bottleneck module.

3.2. Framework and Approach

Our model for mobile and embedded application oriented fire detection is inspired by the MobileNetV2 architec-
ture, and is presented in Fig. 1. In a typical DL network, the initial few layers are used for the detection of simple
low-level features while the deeper layers are capable of detecting more specific high-level complex features. There-
fore, we freezed the parameters of the initial layers in MobileNetV2 and removed the last layer from the model.
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Fig. 1. Architecture of the deep learning model used in this work. The greyed-out portion shows the layer(s) removed from the MobileNetV2 model,
and the green blocks show the added layer(s). Numbers in red denote the number of times the block is repeated. Detailed information about the
internals of the different layers (except the ones added in this proposal, shown in green), expansion factors, and strides, can be obtained from [35].

Subsequently, we added a dropout layer prior to the final classification layer in order to prevent overfitting. This
dropout layer was followed by a softmax classification layer for our two classes. In this way, we fine-tuned the model
for our two (fire and non-fire) classes using the training dataset, which is discussed in the next section. A major portion
of our work involved developing a better data handling strategy, which is also mentioned in the following section. The
results obtained on different datasets are presented in Section 5.

4. Datasets: Features and Suggested Improvements

We have followed a more rigorous dataset distribution strategy than what was followed in previous works [23],
[25], [24], [10], for better performance in diverse scenarios and for a more realistic comparison. The Foggia’s dataset
[10] consists of 31 videos out of which, 14 videos contain frames with fire (except a couple of videos, which only
contain fire in a subset of frames in the video), while the rest of the 16 videos do not contain fire, and are shot in
normal environment. This dataset is challenging with respect to an inter-video context as it contains videos shot in
smoky, foggy surroundings, with fire-colored objects in the video, and variably distant (far and close) fires from the
camera, etc. But when it comes to comparing the diversity within the frames obtained from a single video, the dataset
seems to lack diversity. Thus, although the number of images (62690) in the dataset appears to be large, the similarity
between a lot of images within the dataset makes it a not so versatile dataset.

In the previous works [23], [25], [24] on CNN based fire detection, this dataset has been used for both training and
testing distribution, thus, resulting in the spiking of testing accuracy on the Foggia’s dataset, which obviously doesn’t
reflect the efficiency of the methods on real-world scenarios. In [26], although the training dataset is claimed to be
taken such that it covers uncertain environments as well, the dataset is imbalanced (1844 fire images and 6188 non-
fire images). Therefore, good performance on Foggia’s dataset with this model does not truly represent the possible
outcome in real-world scenarios. In addition, since in this work, Chino’s dataset is also used as part of the training set,
the test performance on this dataset is not a true indicator of the model’s performance in realistic fire scenarios. This
is attributed to the very small size of Chino’s dataset (226 images only). Some images from the dataset are shown in
Figure 2.

In addition, Foggia’s dataset contains 6,311 frames with fire in it (excluding the frames from those two videos,
which don’t have fire frames in partial sections of the video), and the number of frames without fire is 51,489. In
order to make our dataset more versatile, we only took a certain number of frames from each non-fire video in order
to break the homogeneity among the non-fire frames that is bound to creep in due to the presence of a lot of similar
images in this dataset. Thus, we only took 36,271 non-fire frames out of these 51,489 frames. Then we used data
augmentation in order to increase the number of fire frames as well as to make the fire class image dataset more
versatile. As a part of augmentation, we used various techniques like rotation, flipping, zooming, and shifting, etc.
resulting in the increase of number of fire images from 6,311 to 36,884. We also used the dataset used by Sharma et
al. [36] for training purpose, as this dataset although small, is extremely diverse with 541 non-fire images having a fire
like background. The dataset also contains 110 fire images which are taken in a challenging environment. Few images
from this dataset are also shown in the Figure 2. We also augmented the fire class images of this dataset to resonate a
more balancing situation between the two classes.

Further, driven by the lack of available diverse fire datasets that can simulate real-world situations more closely,
we tried to accumulate our own fire dataset, which contains mostly the fire class images, as these are hard to capture
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Fig. 2. Sample images from the various datasets.

in comparison to non-fire images. Our dataset also includes some challenging non-fire class images. The dataset1

contains a total of 77 videos with 25,656 frames belonging to fire class and 16 videos with a total of 6,747 frames
belonging to non-fire class along with 160 more individually clicked non-fire images. We have shown some images
from this dataset in Figure 2. For our training dataset, we sampled some images from these videos, again to maintain
diversity in the dataset. Also, it is worthwhile to note that unlike [26], we have not used Chino’s dataset for training
purpose. Out of all these images we had, we used 20% images for training and remaining 80% images for testing, a
breakdown followed in most recent works [23], [26], [25], [24], [10]. Our final training dataset included 8,481 images
each in fire and non-fire classes.

5. Results

We performed extensive evaluations of the proposed architecture on different datasets. The results of performance
evaluation on dataset 1 (Foggia’s dataset) in terms of the various metrics such as accuracy, false positives, false
negatives, precision, recall, and F-measure are shown in Table 1. Table 2 presents the evaluation results of the same
model on dataset 2 (Chino’s dataset) on the same metrics. Table 3 and Table 4 show the comparison of our approach
with previous handcrafted approaches in terms of the different metrics chosen. It is to be noted that the choice of
different metrics in Table 3 and Table 4 is done to offer a valid comparison among different approaches. It needs to be
mentioned that Chino’s dataset (dataset 2) is extremely challenging and versatile, making fire detection on this dataset
very difficult. However, our model has been able to perform well on this dataset in comparison to past methods, as
shown by Table 2 and Table 4.

Further, as can be seen from Table 1, our model performs extremely well on dataset 1 in terms of accuracy, false
positives, precision, and F-measure. The recall value is also quite high and the false negatives percentage is also quite

1 Dataset available at: https://bit.ly/2QsrWhM
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Subsequently, we added a dropout layer prior to the final classification layer in order to prevent overfitting. This
dropout layer was followed by a softmax classification layer for our two classes. In this way, we fine-tuned the model
for our two (fire and non-fire) classes using the training dataset, which is discussed in the next section. A major portion
of our work involved developing a better data handling strategy, which is also mentioned in the following section. The
results obtained on different datasets are presented in Section 5.

4. Datasets: Features and Suggested Improvements

We have followed a more rigorous dataset distribution strategy than what was followed in previous works [23],
[25], [24], [10], for better performance in diverse scenarios and for a more realistic comparison. The Foggia’s dataset
[10] consists of 31 videos out of which, 14 videos contain frames with fire (except a couple of videos, which only
contain fire in a subset of frames in the video), while the rest of the 16 videos do not contain fire, and are shot in
normal environment. This dataset is challenging with respect to an inter-video context as it contains videos shot in
smoky, foggy surroundings, with fire-colored objects in the video, and variably distant (far and close) fires from the
camera, etc. But when it comes to comparing the diversity within the frames obtained from a single video, the dataset
seems to lack diversity. Thus, although the number of images (62690) in the dataset appears to be large, the similarity
between a lot of images within the dataset makes it a not so versatile dataset.

In the previous works [23], [25], [24] on CNN based fire detection, this dataset has been used for both training and
testing distribution, thus, resulting in the spiking of testing accuracy on the Foggia’s dataset, which obviously doesn’t
reflect the efficiency of the methods on real-world scenarios. In [26], although the training dataset is claimed to be
taken such that it covers uncertain environments as well, the dataset is imbalanced (1844 fire images and 6188 non-
fire images). Therefore, good performance on Foggia’s dataset with this model does not truly represent the possible
outcome in real-world scenarios. In addition, since in this work, Chino’s dataset is also used as part of the training set,
the test performance on this dataset is not a true indicator of the model’s performance in realistic fire scenarios. This
is attributed to the very small size of Chino’s dataset (226 images only). Some images from the dataset are shown in
Figure 2.

In addition, Foggia’s dataset contains 6,311 frames with fire in it (excluding the frames from those two videos,
which don’t have fire frames in partial sections of the video), and the number of frames without fire is 51,489. In
order to make our dataset more versatile, we only took a certain number of frames from each non-fire video in order
to break the homogeneity among the non-fire frames that is bound to creep in due to the presence of a lot of similar
images in this dataset. Thus, we only took 36,271 non-fire frames out of these 51,489 frames. Then we used data
augmentation in order to increase the number of fire frames as well as to make the fire class image dataset more
versatile. As a part of augmentation, we used various techniques like rotation, flipping, zooming, and shifting, etc.
resulting in the increase of number of fire images from 6,311 to 36,884. We also used the dataset used by Sharma et
al. [36] for training purpose, as this dataset although small, is extremely diverse with 541 non-fire images having a fire
like background. The dataset also contains 110 fire images which are taken in a challenging environment. Few images
from this dataset are also shown in the Figure 2. We also augmented the fire class images of this dataset to resonate a
more balancing situation between the two classes.

Further, driven by the lack of available diverse fire datasets that can simulate real-world situations more closely,
we tried to accumulate our own fire dataset, which contains mostly the fire class images, as these are hard to capture
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in comparison to non-fire images. Our dataset also includes some challenging non-fire class images. The dataset1

contains a total of 77 videos with 25,656 frames belonging to fire class and 16 videos with a total of 6,747 frames
belonging to non-fire class along with 160 more individually clicked non-fire images. We have shown some images
from this dataset in Figure 2. For our training dataset, we sampled some images from these videos, again to maintain
diversity in the dataset. Also, it is worthwhile to note that unlike [26], we have not used Chino’s dataset for training
purpose. Out of all these images we had, we used 20% images for training and remaining 80% images for testing, a
breakdown followed in most recent works [23], [26], [25], [24], [10]. Our final training dataset included 8,481 images
each in fire and non-fire classes.

5. Results

We performed extensive evaluations of the proposed architecture on different datasets. The results of performance
evaluation on dataset 1 (Foggia’s dataset) in terms of the various metrics such as accuracy, false positives, false
negatives, precision, recall, and F-measure are shown in Table 1. Table 2 presents the evaluation results of the same
model on dataset 2 (Chino’s dataset) on the same metrics. Table 3 and Table 4 show the comparison of our approach
with previous handcrafted approaches in terms of the different metrics chosen. It is to be noted that the choice of
different metrics in Table 3 and Table 4 is done to offer a valid comparison among different approaches. It needs to be
mentioned that Chino’s dataset (dataset 2) is extremely challenging and versatile, making fire detection on this dataset
very difficult. However, our model has been able to perform well on this dataset in comparison to past methods, as
shown by Table 2 and Table 4.

Further, as can be seen from Table 1, our model performs extremely well on dataset 1 in terms of accuracy, false
positives, precision, and F-measure. The recall value is also quite high and the false negatives percentage is also quite
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Table 1. Comparison with previous deep learning approaches on dataset 1 (Foggia’s).

Methods Accuracy (%) False Positives(%) False Negatives (%) Precision Recall F-Measure

Our Approach 99.17 0 0.80 1 0.98 0.99
Muhammad et al. [26] 95.86 0 0.14 1 0.99 0.99
Muhammad et al. [24] 94.61 0.06 1.24 0.99 0.98 0.98
Muhammad et al. [25] 93.66 0 1.09 1 0.97 0.98
Muhammad et al. [23] 94.27 6.78 0.08 0.93 0.99 0.96

Table 2. Comparison with previous deep learning approaches on dataset 2 (Chino’s).

Methods Accuracy (%) False Positives(%) False Negatives (%) Precision Recall F-Measure

Our Approach 91.15 4.42 4.42 0.92 0.92 0.92
Muhammad et al.[26] 92.04 9.34 6.72 0.90 0.93 0.92
Muhammad et al. [24] 89.82 18.69 2.52 0.83 0.97 0.90
Muhammad et al. [25] 84.96 24.29 6.72 0.79 0.93 0.85
Muhammad et al. [23] 88.05 23.36 1.68 0.80 0.98 0.88

Table 3. Comparison with previous hand-crafted approaches on dataset 1 (Foggia’s).

Methods False Positives(%) False Negatives(%) Accuracy(%)

Our Approach 0 0.80 99.17
Foggia et al. [10] 11.67 0 93.55
Lascio et al. [8] 13.33 0 92.86
Habibuglu et al. [13] 5.88 14.29 90.32
Rafiee et al. (RGB) [31] 41.18 7.14 74.20
Rafiee et al.(YUV) [31] 17.65 7.14 87.10
Celik et al.[2] 29.41 0 83.87
Chen et al. [4] 11.76 14.29 87.10

Table 4. Comparison with previous hand-crafted approaches on dataset 2 (Chino’s).

Methods Precision Recall F-Measure

Our Approach 0.92 0.92 0.92
Chino et al. [5] 0.51 0.65 0.57
Rudz et al. [33] 0.63 0.45 0.52
Rossi et al. [18] 0.39 0.22 0.28
Celik et al. [2] 0.55 0.54 0.54
Chen et al. [4] 0.75 0.15 0.25

low. Results on dataset 2 are also very encouraging as our method outputs the best performance in terms of accuracy,
precision, false positives, and F-measure metrics. The model also gives a good value of recall while keeping the false
negatives to sufficiently low value. A comparison with the previously introduced hand-crafted approaches also show
the superior performance of our model in terms of all six metrics as evident from Table 3 and Table 4.

Regarding Table 2, it needs to be noted that the Chino’s dataset is quite small (only 226 images) and [26] have used
at-least a portion of this dataset for training purpose. Therefore, a direct comparison between our results and those in
[26] on Chino’s dataset is not valid, as we have not used any image from Chino’s dataset for training our network, as
was also done in [23], [25], [24], which is a valid strategy as being a very versatile dataset, the test performance on
this dataset can closely reflect the performance in difficult real-world situations.
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Table 5. Frame rate comparison with previous DL and hand-crafted approaches.

Methods Frame Rate (fps) Hardware Used

Our Approach 5 Raspberry Pi 3B
Muhammad et al. [26] 5 Raspberry Pi 3B
Muhammad et al. [24] 4 Raspberry Pi 3B
Foggia et al. [10] 3 Raspberry Pi B

Finally, in Table 5 we have shown the results of our methods in comparison to previous DL and hand-crafted
approaches based on the frame rate obtained on the Raspberry Pi 3B hardware. A frame rate of 5 frames per second
was obtained with our trained network while detecting the fire on Raspberry Pi 3B, which points towards the feasibility
of our network for embedded and mobile vision applications. This frame rate is good enough to detect fire while
running on any embedded or mobile device in real-time.

6. Conclusion

Various efficient visual based fire detection systems have been developed so far. CNN based fire detection meth-
ods have proven to be simple while simultaneously showing superior performance in detecting fire as compared to
the hand-engineered approaches. However, most CNN based approaches have the big disadvantage of being com-
putationally hungry even when only the trained model is deployed to the machine for real-time fire detection. This
problem is further worsened when the hardware in consideration is a low-cost embedded or mobile device with very
low on-board computational power. There have been some research efforts toward that direction, and the present work
is one such effort. We proposed an embedded and mobile devices friendly efficient fire detection method. The results
obtained on various standard fire datasets with our method were superior to all the existing methods in terms of most
evaluation metrics like accuracy, precision, recall, and f-measure. Our method is inspired by the CNN architecture
named MobileNetV2. In a future work, we would work to increase the frame rate obtained on low-cost embedded
hardware, and also expand our dataset in order to replicate more real-world like situations.
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Our Approach 99.17 0 0.80 1 0.98 0.99
Muhammad et al. [26] 95.86 0 0.14 1 0.99 0.99
Muhammad et al. [24] 94.61 0.06 1.24 0.99 0.98 0.98
Muhammad et al. [25] 93.66 0 1.09 1 0.97 0.98
Muhammad et al. [23] 94.27 6.78 0.08 0.93 0.99 0.96

Table 2. Comparison with previous deep learning approaches on dataset 2 (Chino’s).

Methods Accuracy (%) False Positives(%) False Negatives (%) Precision Recall F-Measure

Our Approach 91.15 4.42 4.42 0.92 0.92 0.92
Muhammad et al.[26] 92.04 9.34 6.72 0.90 0.93 0.92
Muhammad et al. [24] 89.82 18.69 2.52 0.83 0.97 0.90
Muhammad et al. [25] 84.96 24.29 6.72 0.79 0.93 0.85
Muhammad et al. [23] 88.05 23.36 1.68 0.80 0.98 0.88

Table 3. Comparison with previous hand-crafted approaches on dataset 1 (Foggia’s).

Methods False Positives(%) False Negatives(%) Accuracy(%)

Our Approach 0 0.80 99.17
Foggia et al. [10] 11.67 0 93.55
Lascio et al. [8] 13.33 0 92.86
Habibuglu et al. [13] 5.88 14.29 90.32
Rafiee et al. (RGB) [31] 41.18 7.14 74.20
Rafiee et al.(YUV) [31] 17.65 7.14 87.10
Celik et al.[2] 29.41 0 83.87
Chen et al. [4] 11.76 14.29 87.10

Table 4. Comparison with previous hand-crafted approaches on dataset 2 (Chino’s).

Methods Precision Recall F-Measure

Our Approach 0.92 0.92 0.92
Chino et al. [5] 0.51 0.65 0.57
Rudz et al. [33] 0.63 0.45 0.52
Rossi et al. [18] 0.39 0.22 0.28
Celik et al. [2] 0.55 0.54 0.54
Chen et al. [4] 0.75 0.15 0.25

low. Results on dataset 2 are also very encouraging as our method outputs the best performance in terms of accuracy,
precision, false positives, and F-measure metrics. The model also gives a good value of recall while keeping the false
negatives to sufficiently low value. A comparison with the previously introduced hand-crafted approaches also show
the superior performance of our model in terms of all six metrics as evident from Table 3 and Table 4.

Regarding Table 2, it needs to be noted that the Chino’s dataset is quite small (only 226 images) and [26] have used
at-least a portion of this dataset for training purpose. Therefore, a direct comparison between our results and those in
[26] on Chino’s dataset is not valid, as we have not used any image from Chino’s dataset for training our network, as
was also done in [23], [25], [24], which is a valid strategy as being a very versatile dataset, the test performance on
this dataset can closely reflect the performance in difficult real-world situations.
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Table 5. Frame rate comparison with previous DL and hand-crafted approaches.

Methods Frame Rate (fps) Hardware Used

Our Approach 5 Raspberry Pi 3B
Muhammad et al. [26] 5 Raspberry Pi 3B
Muhammad et al. [24] 4 Raspberry Pi 3B
Foggia et al. [10] 3 Raspberry Pi B

Finally, in Table 5 we have shown the results of our methods in comparison to previous DL and hand-crafted
approaches based on the frame rate obtained on the Raspberry Pi 3B hardware. A frame rate of 5 frames per second
was obtained with our trained network while detecting the fire on Raspberry Pi 3B, which points towards the feasibility
of our network for embedded and mobile vision applications. This frame rate is good enough to detect fire while
running on any embedded or mobile device in real-time.

6. Conclusion

Various efficient visual based fire detection systems have been developed so far. CNN based fire detection meth-
ods have proven to be simple while simultaneously showing superior performance in detecting fire as compared to
the hand-engineered approaches. However, most CNN based approaches have the big disadvantage of being com-
putationally hungry even when only the trained model is deployed to the machine for real-time fire detection. This
problem is further worsened when the hardware in consideration is a low-cost embedded or mobile device with very
low on-board computational power. There have been some research efforts toward that direction, and the present work
is one such effort. We proposed an embedded and mobile devices friendly efficient fire detection method. The results
obtained on various standard fire datasets with our method were superior to all the existing methods in terms of most
evaluation metrics like accuracy, precision, recall, and f-measure. Our method is inspired by the CNN architecture
named MobileNetV2. In a future work, we would work to increase the frame rate obtained on low-cost embedded
hardware, and also expand our dataset in order to replicate more real-world like situations.
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