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ABSTRACT: 

This paper presents the application of an intelligent flame and smoke detection platform based on artificial vision using Deep Neural 

Networks (DNN). An acoustic fire extinguisher can be connected to such a platform. In light of recent research, the use of acoustic 

technology is an environmentally friendly way of extinguishing flames. One of the advantages is then extinguishing immediately 

after positive detection of flames or smoke (without unnecessary time delay), which is a new combination in the field of fire 

protection. The authors contribution is the presentation of the conception of the intelligent acoustic extinguisher and the research 

work made to accomplish that including algorithms and tests. The main objective of the paper is to present the possibilities of 

acoustic extinguishing and fire detection using selected deep neural network models in embedded systems. 

1. INTRODUCTION

One of the elements of smart environment and smart agriculture 

is the desire to use modern technologies in everyday life to 

improve the standard of living of citizens and increase safety in 

the broader sense. In recent years, numerous studies have been 

carried out around the world to analyze the causes of fires, their 

detection, and the search for fast and efficient extinguishing 

techniques. Currently, water, hydronets, water mist, sand, fire 

blankets, and fire hooks are typically used to extinguish flames. 

A separate group of fire-fighting measures are chemical 

substances selected according to the class of fire. Popular ones 

are: extinguishing powders, firefighting foams, halon 

extinguishers, and carbon dioxide. It is worth noting that some 

of the extinguishers are withdrawn from production due to their 

harmful (toxic) effects. Examples include halon fire 

extinguishers, which are being replaced by pure agents 

containing a mixture of selected extinguishing gases 

(halogenated hydrocarbons, inert gases) (P. Niegodajew et al., 

2018a; NFPA, 2018).  

Global warming is often identified as the cause of fires on a 

global scale. Sometimes fires are also a consequence of direct, 

often irresponsible human behavior. In their effects, they cause 

significant material and immaterial (ecological) losses. Among 

other things, fires influence environmental devastation, 

including air pollution, recirculation of heavy metals and 

radionuclides (Toulouse et al., 2015). In the last decade, severe 

fires have been reported in many countries such as: France, 

Greece, and Spain. In 2021, fires covered some areas of Greece 

and Croatia during the holiday season. In the first half of August 

2021, the recorded temperature in Sicily, Italy, reached a record 

high of 38.8 degrees Celsius. Checks are currently underway to 

confirm this temperature value. If the result is confirmed, it will 

mark the highest temperature ever recorded in Europe. Fires 

have also devastated territories in Australia, Russia, and Canada 

in recent years, if there was no rainfall for a long period of time. 

Hence, rainfall statistics for a given area are important (Wilk-

Jakubowski, 2018). Due to the enormity of losses caused by 

fires, there is a need to search for or improve ways to detect and 

fight fires. It is therefore not surprising that intelligent systems, 

information technology, and computer science are increasingly 

used for this purpose. Globally, satellite imagery can be applied 

to detect fires, with the time scale and spatial resolution being 

the drawbacks of this technique. For communication, among 

others, satellite links may be used, especially where there is no 

adequate technical infrastructure (Wilk-Jakubowski, 2020a, 

2020b). Other solutions based on artificial vision and wireless 

transmission of data from places where fires have been detected 

are also applied in practice (Šerić et al., 2011; Šerić et al., 

2018). Moreover, modern technologies are crucial in the aspect 

of crisis management. In practice, there is an increase in the 

expenses incurred for crisis management and an increased 

interest in using robots for this purpose (Harabin et al., 2020; 

Wilk-Jakubowski, 2019). 

2. “SMART FIREFIGHTER”

2.1 The Use of Acoustic Waves for Flame Extinguishing 

The use of acoustic technology to extinguish flames seems to be 

an interesting issue. Systems applying acoustic waves can be 

one of the means of fire protection. Based on the analysis of the 

literature review, it may be concluded that the intensification of 

research on fire extinguishing with the use of acoustic waves 

occurred in the early 21st century. Research on this topic was 

conducted, among others, by the American agency DARPA 

(Anthony, 2012). Work was also carried out in many academic 

and scientific centers around the world. They had resulted in 

numerous patents (PAT.4872511, 1987; PAT.177478, 1995; 

PAT.177792, 1995; PAT.10569115, 2015; UM.070441, 2018; 

PAT.233025, 2018; PAT.233026, 2018; PAT.234266, 2019) 

and scientific publications, i.e. (Friedman and Stoliarov, 2017; 

Friedman et al., 2018; Kim and Bae, 2017; Kim et al., 2017; 

McKinney and Dunn-Rankin, 2007; Niegodajew et al., 2018a, 

2018b; Sai and Sharma, 2017; Yi and Bae, 2017). One 

prototype of a high-power acoustic extinguisher is shown in 

Figure 1. 
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Figure 1. Extinguishing flames with the use of the prototype of 

the high-power acoustic extinguisher (TVP, “Informacje” from 

03.06.2020). 

 

The acoustic extinguisher consists of a generator, modulator, 

power amplifier, sound source, waveguide, and wiring. When 

acoustic technology is applied, both modulated and 

unmodulated waves can be used to extinguish flames. Such 

extinguishers may generate a low-frequency directional flux 

with a frequency dependent on the source of the flame. The use 

of low-frequency waves makes it possible to reach hard-to-

reach places, and such waves are difficult to suppress (Stawczyk 

and Wilk-Jakubowski, 2021; Wilk-Jakubowski, 2021). Acoustic 

waves can find applications for extinguishing burning materials 

that are hard to extinguish due to their properties. They pass 

through solids, liquids, and gases, which is a definite advantage 

of their use. In addition, they do not leave stains (difficult to 

remove) or emit gases that are toxic to the environment. In 

practice, the sound pressure capable of extinguishing a flame 

depends on the electrical power that is applied to the sound 

source, with a linear increase in sound pressure recorded only 

within a limited range. From this, its expected value may be 

determined within a certain range, in a manner well known from 

computer modelling (Marek, 2013).  

 

The use of modern imaging techniques can effectively detect 

flames, which makes this technique based on artificial 

intelligence successfully applicable to the detection of various 

types of fires, including wildfires (Chen et al., 2004; Chitade 

and Katiyar, 2010; Madani et al., 2017). A great advantage then 

is the technology's range in open space, which is much greater 

than that of typical smoke and temperature sensors. Besides, 

this technology is resistant to environmental conditions and is 

much cheaper. For this reason, video detection is considered an 

opportunity for fast and effective detection of flames and 

smoke. However, due to the limited range of acoustic 

technology (it is in its early stages of development), its 

operation is limited to a few meters. Therefore, acoustic 

techniques can only be used to extinguish flames at short 

distances, e.g., indoors, but are not suitable for extinguishing 

wildfires. Furthermore, it is claimed to be beneficial for 

extinguishing firebreaks, which can consequently prevent the 

spread of flames (Wilk-Jakubowski, 2021). Flames originating 

from gaseous as well as liquid fuels can be extinguished in this 

way. 

 

2.2 Intelligent Flame and Smoke Detector 

From a practical point of view, all kinds of artificial vision 

systems that can be implemented in robots may help firefighters 

in their work. The use of an acoustic fire extinguisher equipped 

with an intelligent module that allows it to be activated when 

flames or smoke are detected is a new approach to traditional 

fire-fighting methods. Moreover, the extinguishers can work 

with other systems and smoke and temperature detectors. They 

may be permanently installed or implement mobile platforms 

that are equipped with image processing systems. For example, 

such a sensor, which is part of a fire protection system, can be 

implemented in an environmentally friendly modular acoustic 

extinguisher. It may also be a separate device capable of 

communicating with the fire protection system. The benefits of 

using such detection include the ability to extinguish flames as 

soon as they are identified, as activation occurs automatically 

when flames or smoke are detected. All tests during the research 

are made because the authors would like to develop a modern 

autonomous fire extinguisher which uses artificial intelligence 

and can autonomously take decisions. It is worth emphasizing 

that experiments with a real acoustic extinguisher will provide 

data only how well the acoustic extinguisher may extinguish 

fires. In turn, all other features that are the subject of this article, 

such as fire detection, motor control, distinguishing between 

real fire and static image of fire are already tested on the mobile 

platform. The results for fire detection are the same, because we 

use the same platforms and custom control electronics. A 3D 

model of the extinguisher equipped with a flame and smoke 

detection module is shown in Figure 2. 

 
 

Figure 2. 3D model of the high-power acoustic extinguisher 

equipped with the intelligent module. 

 

The techniques currently in use are not universal, as it is 

difficult to select an as-efficient detector for different operating 

conditions (Wilk, 2009). For this reason, many works can be 

found in the literature that attempt to evaluate the performance 

of algorithms (Collumeau et al., 2011; Rudz et al., 2013), but 

also smoke and fire detection (Çetin et al., 2013; Toulouse et 

al., 2016). Their performance depends on, among other things, 

the color of the fire, the smoke, the fuel source, and the 

environmental factors that affect the image (Toulouse et al., 

2015). In practice, fire emits radiation over a wide spectral 

range. Neural networks for flame and smoke detection may be 

learned from motionless as well as motion images, as the 

implementation of artificial intelligence algorithms allows 

remote flame and smoke detection from both static and 

nonstatic images (Foley and O'Reilly, 2018; Janků et al., 2018; 

Kurup, 2014; Szegedy et al., 2013; Zhang, 2018). It is important 

to note that there are many techniques for detecting fire pixels, 

as well as color models. 

 

Both visible and infrared band images can be used for detection 

purposes. When infrared is applied, higher intensity levels of 

fire pixels are recorded (Martínez-de Dios et al., 2011). Both 

statistical and empirical models may be found. Some methods 

use color rules, while some use machine learning based on a 

dataset containing fire pixels and non-fire pixels. In addition to 

color and shape detection, dynamic range analysis is also 

important. Bayes' theorem can be applied for detection. If it is 

The International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XLVI-4/W5-2021 
The 6th International Conference on Smart City Applications, 27–29 October 2021, Karabuk University, Virtual Safranbolu, Turkey

This contribution has been peer-reviewed. 
https://doi.org/10.5194/isprs-archives-XLVI-4-W5-2021-307-2021 | © Author(s) 2021. CC BY 4.0 License.

 
308



 

used, there is no need for repeated experiments and prior 

learning of neural networks (Marek, 2021a, 2021b). In practice, 

the hybrid structure of flame detection, which is based on a 

mixture of Dirichlet and Gaussian processes, has a beneficial 

effect on the detection performance. Consequently, the obtained 

accuracy levels of the algorithms (their efficiency) exceed the 

90% level (Li et al., 2017). 

 

2.3 Research on the Use of DNN in Embedded Systems 

Intelligent detectors in combination with acoustic technology 

may be used, among other things, in industry. By applying 

artificial intelligence, humans can be excluded from the data 

processing chain. The benefit is then the detection and 

signalling of fire without the need for human observation 

(Madani et al., 2017). Some studies show that systems using 

artificial intelligence and acoustic technology may work 

together. Recently, several works have appeared in this field. 

Therefore, ongoing research is directed towards extending the 

range of acoustic technology, as well as searching for and 

improving flame detection technology in the visible and infrared 

bands. DNNs may be used to recognize whether a fire has 

occurred. Such a system can be implemented in a robotic 

mobile platform. In practice, various processing schemes and 

many useful libraries including Matplotlib, OpenCV, 

TensorFlow, NumPy, and Imutil are used for our physical 

implementation. An example of the intelligent acoustic 

extinguisher module constructed by the authors for flame and 

smoke detection is shown in Figure 3. 

 

 
 

Figure 3. A mobile robot that detects flames and smoke using 

deep neural networks. 

 

This requires cooperation between a computer module, an 

image processor, and a camera that is connected to the Jetson 

Nano (the resolution is 1280x720 pixels). The system is 

equipped with an LCD (Liquid Crystal Display) screen to 

visualize the video stream from the camera and the contours of 

the fire sources based on the video signal. The project uses an 

ESP32 microcontroller for the control of the robot. The platform 

is equipped with additional sensors (temperature, gas, and 

ultrasonic sensors). The connection to the acoustic extinguisher 

may be realized by relay modules (control signal: 24 V). This 

robotic mobile platform is applied to the detection of flames and 

smoke. Work is currently underway for its application in the 

autonomous acoustic flame extinguishing system. The use of 

additional interference screens, baffles, and acoustic panels can 

affect the range of acoustic waves (Niegodajew et al., 2018a). 

Therefore, the aim is also to reduce losses due to the not fully 

directional properties of the acoustic extinguisher. Autonomous 

acoustic extinguishers in the long term may be equipped with 

intelligent sensors during the construction phase. Regardless of 

the solution used (stationary or mobile), the results for fire 

detection on the mobile platform will be the same, as we use the 

same platforms and custom control electronics. 

 

3. MODELS OF NEURAL NETWORKS APPLIED TO 

EMBEDDED SYSTEMS 

In practice, different – adjusted to external factors – flame and 

smoke detection algorithms can be used. During the research, 

the authors tested a number of models in embedded systems, 

made modifications to the neural networks, and applied transfer 

learning. A Python script enabled operations on images, which 

were used to train the neural networks. During training, the 

authors used a batch of images from a fire gathered from the 

Internet and preprocessed. After rotating, translating, scaling or 

changing the brightness, an array of 15,000 images was 

obtained, which were used for training neural networks. It is 

important that the learning is carried out for different images 

both in daylight and at night, to make the network as reliable as 

possible. Of the experiments conducted, the results showed that 

two models, SSD MobileNet and MASK R-CNN, were best 

suited for this purpose (depending on the accuracy and speed of 

image recognition). Therefore, the authors used two types of 

neural networks for detection purposes: 

 

1. SSD MobileNet – a network with high efficiency 

but low accuracy for searching small objects. 

Such a network is dedicated to searching for 

large objects 

2.   Mask R-CNN – based on R-CNN. This network 

allows returning the location of an object and 

applying a mask to its pixels (lower accuracy 

than SSD MobileNet) 

For practical reasons, it is important that the images are adapted 

to the size that the neural network input layer specifies (for 

MobileNet: 300x300, for Mask R-CNN: 800x600). 

 

MobileNet is a neural network architecture that uses deep 

separable filters. This architecture is applied to embedded 

applications in devices that have limited computing power. In 

practice, SSD (Single Shot Detector) may be used for the 

detection of multiple objects that are present in an image. 

Feature maps are extracted at the outset through a convolutional 

network, after which objects are detected through a convolution 

filter. The combination of both techniques is SSD MobileNet. In 

turn, the R-CNN mask is a modified (improved) version of the 

Faster R-CNN. This is due to the fact that the feature mask of 

the detected object is also returned. Feature maps are extracted 

from the images at the outset, which are then transmitted by the 

RPN (Region Proposal Network). On this basis, the coordinates 

of the bounding boxes are returned. Segmentation allows a 

mask to be generated on the objects where flames have been 

detected. The neural network model has many layers. The last 

of these (connected), are cut and replaced by a new layer trained 

for detection. This process depends on the number of classes. 

After training, the networks are subjected to testing. One of the 

tests was to recognize a video with fire displayed on a computer 

screen and the quality of a signal from the camera was good 

enough for successful recognition. The examples of network 

testing using the robotic platform we constructed (from Figure 

3) are shown in Figure 4. 
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Figure 4. Illustration of detection using deep neural networks. 

The algorithm applied to detect flames and smoke is presented 

below: 

1. Initialization of resources on the Jetson Nano 

2. Image reading from the camera 

3. Scaling of the image to the required values,   

depending on the input layer of the neural 

network (SSD MobileNet or Mask R-CNN) 

4. Recognition of the image by the neural network 

and return of the coordinates  

5. Movement of the robotic platform so that the 

platform is directed towards the flame source  

6. Activation of the flame extinguishing system 

 

The benefit of using intelligent technologies is the recognition 

speed, which is equal to 103 ms for SSD MobileNet and 308 ms 

for Mask R-CNN. While the recognition speed for Mask R-

CNN is lower, the recognition accuracy is higher (it is more 

than 90%). In turn, a recognition accuracy of approximately 

80% was recorded for SSD MobileNet. 

 

Based on the data from the ultrasonic and temperature sensors, a 

safe proximity distance can be determined to protect the device 

from heat damage. Recent work has developed control 

electronics for motors. It is worth noting that the presented 

artificial intelligence platform using DNNs to detect flames and 

smoke as part of the acoustic fire extinguisher could be 

developed and improved in the future. There have been many 

papers and research projects on this topic in recent years. These 

are based on a number of DNN architectures that operate with 

varying effectiveness. Future experiments are therefore planned 

with other networks and algorithms to support the flame and 

smoke detection process. 

 

4. CONCLUSIONS 

In practice, it becomes possible to use multiple technologies, 

including intelligent sensors for flame and smoke detection. The 

combination of environmentally friendly acoustic technology 

and artificial intelligence increases the possibilities of the 

technologies on offer. In this research, two DNN models were 

used which work well in embedded systems. Equipping the 

acoustic extinguisher with the artificial vision system and video 

cameras enables a rapid extinguishing action to be taken when 

flames are identified (they can be extinguished as soon as they 

are detected with virtually no time delay). 
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