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Abstract 

An uncontrolled fire can be regarded as an unfortunate disastrous phenomenon that can 

cause property and environmental damage. This hazard can also represent a significant risk to 

human safety; therefore, early fire detection is critical. However, conventional smoke detectors 

are inappropriate for open spaces because fire detection may be delayed until the smoke particles 

are sufficiently close to the sensors. Moreover, detection could be prevented by the wind. Hence, 

one appropriate solution to an early warning detection system in an open space involves utilising 

expertly designed vision-based fire detection technology incorporated into surveillance cameras. 

Any area within the camera’s coverage can be processed rapidly. However, modelling the 

chaotic behaviour and variations of fire appearance in different environmental conditions is a 

rather tricky task. Therefore, many current vision-based fire detection systems are vulnerable to a 

false alarm and may fail in some situations. The complexity of these systems varies considerably. 

In aggregate, they employ algorithms to analyse features such as colour, spatial texture, motion, 

temporal intensity variations and dynamic patterns to detect fire in a video sequence. However, 

these systems’ structures remain relatively rigid, dedicating the same processing stages 

regardless of the inspected scene. The most sophisticated systems have many cascaded blocks 

that are only necessary for challenging fire situations, and they are more prone to missed 

detection. The detection rate is higher in the least complex systems. However, they are more 

likely to report a false alarm due to fire-coloured objects that mimic the spatio-temporal 

behaviour of fire. 

Therefore, this thesis focuses on incorporating contextual information into the existing 

computer vision-based fire detection algorithms to guarantee their detection accuracy in complex 

environments. Furthermore, this thesis exploits the concept of a set of fire detection solutions 
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bounded together by rules based on the complexity of the site under surveillance to enhance the 

performance and reliability of the proposed vision-based fire detection system. In particular, this 

thesis’ novel contributions include: (1) A new colour space for fire pixel representation (2) A 

novel colour model that adapts to the illumination complexity of the scene (3) An adaptive 

vision-based fire detection system that automatically adjusts to the complexities of the scene 

under surveillance.  

Following a critical and comprehensive analysis of research literature, a new colour space 

with a fire colour differentiating property is introduced. The significant advantage of this colour 

space is its ability to separate fire and non-fire pixels into two classes of intensity. Furthermore, 

fire and non-fire pixels are clustered into two distinct regions in the new colour space; this 

provides a robust foundation for fast and efficient fire pixel detection. A qualitative comparison 

with other colour spaces in the literature suggests that the proposed colour space performs better 

regarding fire pixel representation. 

In addition, this study explored how to identify fire pixels in the new colour space 

effectively. An adaptive colour model is proposed to address the shortcomings of fixed 

thresholds and alleviate the problem associated with illumination change. The proposed model 

automatically classifies an image as low, medium, or high intensity. Based on this classification, 

the fire colour segmentation threshold is derived dynamically. The experimental results on 

benchmark datasets suggest that the proposed colour model outperforms the state-of-the-art 

colour model. 

Besides colour processing, this thesis captures the fire’s features in the spatial and 

temporal domain to form an integrated fire detection framework. The model operates with five 

different process states bounded together by embedded rules, which tracks the background’s 
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colour complexity, illumination condition, percentage of moving pixels in the video scenes, and 

the dominant colour of the candidate fire region. These processing blocks are activated 

depending on the proposed embedded rules so that only the relevant set of fire detection 

solutions are selected. Another contribution made in this study is the use of dynamic thresholds 

in the frame differencing algorithm to detect moving regions; the proposed algorithm 

dynamically sets the thresholds to detect moving pixels depending on the noise level in each 

video frame. The experimental results on the benchmark video suggest that the proposed system 

outperforms the state-of-the-art systems.  

This study advances computer vision-based fire detection knowledge by providing 

multiple novel contributions, enhancing accuracy and reliability detection. The developed works, 

experimentation and deductions give comprehensive information about the main techniques used 

in computer vision-based fire detection systems. This work can be developed further by 

facilitating new ways to capture the complexities of video scenes and injecting more contextual 

information into the vision-based fire detection algorithm to consolidate the detection of a real 

fire and increase the reliability of fire detection systems. 

Keywords: Flame-based colour space, Fire outbreak, Vision-based fire detection, 

Adaptive thresholding, False alarm, Missed detection, Local binary similarity pattern, Laplacian 

convolution and averaging, Meta-heuristic algorithm, Scene analysis. 
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FAST                Features from Accelerated Segment Test 

LBSP                                      Local binary similarity pattern 

            RELU                                     Rectified non-linear 

            BN                                          Batch normalisation 

            Max POOL                             Maximum pooling 

            NN                                          Neural Network 

K-NN    K-nearest neighbour 
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Chapter 1: Introduction 

First, this chapter presents the background information and rationale for using computer 

vision techniques to detect fire. It then identifies the main research problems and the gaps in the 

literature. Finally, the chapter highlights the aims and objectives and the main contributions 

made on the subject. 

1.1    Research Background and Relevance 

1.1.1    Research Background    

Over recent decades, millions of security cameras have been installed in public and 

private environments. However, it is impractical for surveillance operators to monitor these 

cameras constantly.  Hence, the use of automated real-time video analysis is required. Due to 

computer vision technology’s advancement in recent times, many intelligent video surveillance 

systems (e.g., Mudgal et al., 2021; Sabri & Li, 2021) have emerged. These systems are beneficial 

because they offer regular 24-hour inspection, easy and rapid data acquisition, more accurate and 

precise data generation and tailored detection of a specific target, thereby minimising human 

exhaustion for visual tasks. Although these systems have many commercial applications, their 

use is still limited to object recognition, tracking, security, and monitoring. Moreover, many of 

them are not suitable for real-time application without an operator’s assistance. Therefore, the 

major challenge in using automated real-time video analysis is replicating everyday human 

intelligence. This research focuses mainly on fire detection in videos. 

Because of a fire outbreak’s hazardous nature, an early warning system is crucial to avoid 

loss of life and properties. Moreover, computer vision-based fire detection (CVFD) systems offer 

a reliable and cheap solution because experts in existing surveillance systems can readily 

incorporate CVFD technology at a relatively low additional cost due to the high availability of 
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monitoring cameras. Therefore, CVFD techniques (Çetin et al., 2013) have been extensively 

researched over the last decades. However, developing a CVFD system to capture the turbulent 

and complex characteristics of fire accurately and reliably, together with the significant 

variations of its appearances, has been the primary challenge. As a result, several systems (e.g., 

Dimitropoulos et al., 2015; Geetha et al., 2021; Khalil et al., 2021; Khatami et al., 2015; Prema 

et al., 2018) have developed algorithms at various complexities and sophistication levels. These 

systems use colour, motion, shape variation, spatial distribution, dynamic textures, and temporal 

intensity variation to identify a fire in a video sequence. 

1.1.2    Research Relevance 

Fire outbreak is one of the leading natural disasters that lead to life and economic loss 

worldwide.  According to the congressional research service, at least 207 000 fire incidents 

occurred, with 23027 structures and 25 million acres destroyed since 2015 in the United States.  

In 2019, a fire outbreak occurred in the Notre-Dame de Paris cathedral in France (Gombault, 

2020), followed by a wildfire outbreak in Brazil’s Amazon Forest (Ruiz-Saenz et al., 2019). In 

London, 2017, at least 72 people died during the Grenfell tower fire (Guillaume et al., 2020). As 

recorded in the National Statistics/Home office (2020), 243 people were killed by a fire outbreak 

in the United Kingdom.  The 2019/2020 black summer fire outbreak in Australia conflagrated 

nearly 19 million hectares, ravaged more than 3000 houses and killed 33 people (Filkov et al., 

2020). According to the World Health Organisation (WHO), 180 000 fatalities due to a burn 

occur every year, and a high percentage of these injuries are fire-related. This problem is 

significantly more prevalent in third-world countries like Bangladesh, which saw more than 3000 

fire incidents in 2017 alone.  



A NOVEL VISION-BASED FIRE DETECTION ALGORITHM 27 

Therefore, detecting fire at an early stage is pivotal for preventing loss of life and 

property. Unfortunately, conventional fire detection systems rely on point sensors that detect 

combustion by-products such as smoke, heat, and radiation. Consequently, they are unreliable in 

ample outdoor spaces because they require proximity to the fire to function correctly and are 

more likely to fail in windy conditions. Another limitation is that the sensors cannot provide 

sufficient information to correctly estimate the fire’s size, location, and dynamics (T.-H. Chen et 

al., 2004).   

As an alternative, CVFD systems can provide an appropriate solution. Experts in existing 

surveillance systems can readily incorporate CVFD technology at a relatively low additional cost 

due to the high availability of monitoring cameras. Moreover, CVFD systems can efficiently 

process any region within the viewing range of the camera. Hence, they offer an early response, 

fast processing time and additional information about the location and state of fire. Therefore, 

this research work has its significance in security and monitoring applications. 

1.2    Research Problem and Research Question. 

Modelling the complex nature of fire events and significant variations of flame 

appearance in videos has been the main challenge for researchers in CVFD systems. Over the 

last two decades, many CVFD algorithms have been proposed. These systems focus mainly on 

colour, motion, spatial, temporal, and dynamic pattern analysis to identify a fire in a video 

sequence based on their sophistication level. However, many natural phenomena and events 

(such as lights with multiple flash patterns, solar reflection, fire-coloured moving vegetation, a 

fire-coloured flag under the influence of wind, a man in fire-coloured clothes dancing, heavy 

traffic at night and dust particles) exhibit these behaviours and can trigger a false alarm.  

Likewise, the complexities and variations of video scenes due to different lighting conditions, 
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illumination change, video quality and the camera’s closeness to the flame affect the existing 

CVFD systems’ robustness and reliability. For example, motion, flicker, and dynamic texture 

become less noticeable when a fire outbreak occurs at a considerable distance from the camera. 

In this situation, many CVFD systems fail to detect fire. 

Furthermore, a flame covered or saturated with smoke, or in a high oxygen situation, can 

be challenging to be accurately detected because the spatial colour variation, flicker, and 

dynamic texture become harder to detect. For example, fire displays different spatial colour 

variations based on the combustion material and oxygen supply level. A fire region is dominated 

by white pixels in a high oxygen level scenario, resulting in a low spatial variation of intensity. 

In addition, noise in videos can degrade the moving region detection algorithms’ performance by 

making stationary regions appear to be moving.  

Hence, the main research problems identified in this study are: 

1. Based on the fire situation’s complexities, the features that characterise the random 

and chaotic fire behaviour cannot always be detected. 

2. Moving fire-coloured objects or events that mimic the fire’s spatiotemporal behaviour 

remains challenging because it is difficult to discriminate against them. 

3. A false alarm is still a significant issue. 

Feature extraction is one of the main challenges because fire characteristics exist in significant 

texture, motion, colour, and shape variations. Unfortunately, the existing feature extraction 

techniques cannot always provide detailed information about flames in a complicated fire 

situation. Moreover, the focus is only on feature extraction without consideration for contextual 

information; these systems do not adapt to the inspected video scene’s complexity. Consequently, 
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the state-of-the-art CVFD systems may fail to detect fire in a complicated situation, and they are 

still vulnerable to a false alarm.  

The identified research problems can therefore be translated into the following research 

questions: 

1. Which colour space is most suitable for fire pixel representation?  

This question addresses how to lay the groundwork for an efficient and simplistic 

fire colour modelling solution. 

2. What is the design solution for a colour model that can adjust to the scene’s 

complexity? 

Colour segmentation is typically the first and most crucial step in designing a 

CVFD system.  Therefore, this research aims to investigate whether a false alarm 

can be minimised at this stage, thereby enhancing the proposed system’s overall 

performance. 

3. How can contextual information be employed to boost the performance of the 

existing fire detection algorithms? 

This question addresses designing a system that automatically adapts to the fire 

situation’s complexity, thereby reducing false alarms while maintaining a high 

detection rate. 

1.3    Research Aims and Objectives 

This research focuses on creating a CVFD system that applies to a real-life solution 

without an operator’s assistance, reducing false alarms as much as possible while maintaining a 

high detection rate. In this context, this thesis aims to design a system that adapts to various fire 
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scenarios (i.e., automatically selecting the right set of fire detection solutions based on the 

inspected scene’s complexity), with the following objectives: 

• Research and critically assess existing CVFD systems. 

• Investigate the colour space most suitable for fire-pixel representation. 

• Design a colour model that adapts to the colour complexity of the inspected scene. 

• Derive the metrics to capture the complexities of the inspected scene. 

• Create a CVFD algorithm bounded together by rules based on the complexity of 

the site under surveillance. 

1.4    Contribution Summary 

Over recent years, several fire-colour models have been proposed. These models have 

their own merits and demerits because they do not work well for all fire types. Moreover, they 

operate on the classic colour spaces (RGB, YUV, HSV, YCbCr and LAB), where fire pixels are 

represented in a wide range of colours (e.g., from the red-yellow band in the RGB colour space).  

Intending to design a colour space that better represents fire pixels, this research introduces a 

new flame-based colour space where fire and non-fire pixels are separated into two classes of 

colour and intensity. Fire pixels are more highlighted than non-fire pixels; therefore, fire colour 

segmentation is simplified. The experimental analysis suggests that the proposed colour space 

performs better than the classic colour spaces regarding fire pixel representation.  Subsequently, 

this thesis constructs a new colour model for fire pixel segmentation based on the new colour 

space, using an adaptive thresholding technique. Rather than relying on a single threshold, the 

proposed algorithm automatically classifies an image as low, medium, or high intensity. Based 

on this classification, a threshold is selected for the fire pixel segmentation stage of the 

algorithm. According to experimental results based on benchmark datasets, the proposed colour 
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model delivers the best overall performance on the F-Score metric compared with the state-of-

the-art colour models. 

Information based on colour alone is insufficient to identify fire. Many objects or natural 

phenomena, such as solar reflection, reddish moving vegetation, traffic lights and red flags, 

display a colour similar to fire. One of the fundamental differences between fire and fire-

coloured objects is the nature of their motion. To this end, many researchers have used motion, 

spatial and temporal characteristics to detect fire/smoke in video sequences, depending on their 

system’s level of complexity. The research literature review in CVFD systems revealed that all 

these systems are rigid with various processing stages; none adapts to the inspected scene’s 

complexity. The most sophisticated systems have many cascaded stages that are only necessary 

for challenging fire situations. Owing to the above shortcomings, a novel CVFD system that 

automatically adjusts its processing based on the complexity of the video scene (by selecting 

only the relevant set of fire detection solutions) is presented. The system integrates algorithms to 

detect colour, flame flickers, moving regions, shape variation and upward movements. These 

processing stages will be activated depending on embedded rules that track the background’s 

colour complexity, percentage of moving pixels and the dominant colour of the suspected fire 

region in a video sequence. The experimental results with benchmark videos suggest that the 

proposed adaptive CVFD system delivers the best overall detection accuracy compared with the 

state-of-the-art methods. 

1.5    Thesis Outline 

The rest of this thesis is organised as follows: 

 Chapter 2 is focused on a research review of CVFD algorithms. It first presents the 

current research context and the research problems in the first section, followed by an overview 
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of the main techniques for developing vision-based fire detection systems. Finally, the third 

section highlights the gaps in the literature, including the limitations of the existing CVFD 

systems. 

In Chapter 3, a new flame-based colour space obtain is introduced. Conversion to this 

colour space requires a linear multiplication of the RGB components and a colour-differentiating 

conversion matrix. The first section presents the justifications for a new colour space; for fast 

and efficient fire pixel detection. The framework to obtain the conversion matrix is proposed in 

the second section. The third section presents the colour space transformation process. Finally, a 

comparative analysis of the new colour space and the classic colour spaces is presented in the 

fourth section. 

Chapter 4 demonstrates how fire pixels can be identified effectively in the colour space 

introduced in Chapter 3. An adaptive colour model is proposed to minimise the false alarm rate 

while maintaining a high detection rate. The experimental results on benchmark datasets suggest 

that the proposed colour model outperforms the state-of-the-art colour models. 

Chapter 5 proposes a novel CVFD framework that integrates fire detection solutions 

using embedded rules derived from the scene’s complexities. The idea presented in this chapter is 

to incorporate contextual information into CVFD systems. Based on this information, only the 

relevant set of fire detection solutions is selected. This approach consolidates the detection 

accuracy of the proposed algorithm according to the experimental results. 

Chapter 6 presents the conclusion, limitations of the proposed systems and future work. 
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Chapter 2: Research review of CVFD systems 

This chapter aims to review the recent developments in CVFD systems critically.  

Although the main focus is on reviewing the CVFD systems’ background knowledge in the 

research literature, this chapter also presents the literature gaps and justifications for the 

proposed research framework. Section 2.1 introduces the research context and the current 

scenarios in CVFD systems while pointing out the research problems identified in this thesis. 

Next, the fundamental techniques in CVFD systems are briefly discussed in Section 2.2. Finally, 

section 2.3 highlights the research literature gaps and the specific problems this thesis addresses, 

given the research questions (identified in Section 1.2). 

2.1    Introduction 

CVFD systems employ various digital image processing and machine learning algorithms 

to identify distinctive fire features such as colour, motion, and dynamic patterns in a video 

sequence, to a varying level of sophistication. Many variants of these systems have been 

introduced over the last two decades. Some systems rely on only colour information because 

fires have distinct colour features. For example, Toulouse et al. (2016) introduced two new rules 

in the colour spaces RGB and LAB and then combined them with 29 other rules from the 

literature to detect flame pixels. In separate research, Khatami et al. (2017) introduced a new 

colour space where fire pixels are more highlighted than non-fire pixels. Fire pixels can then be 

extracted efficiently using the Otsu thresholding algorithm in the new colour space. In more 

recent research, Munshi (2021) constructed three different colour models in the RGB, YCbCr, 

and HSV, using pattern analysis on sample positive and negative images. 

Although the colour-based CVFD systems report a very high detection rate, further 

analysis is necessary to minimise the likelihood of a false alarm due to fire-coloured objects. To 
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this end, some researchers have explored other fire properties, such as motion, texture, shape, 

and temporal characteristics. For example, in Zhang et al. (2016), full image and fine-grained fire 

classifiers were trained with images containing fire and non-fire patches in a joined deep 

convolutional neural network. The full image classifier was used to detect fire patches’ presence, 

with the fine-grained classifier being used to determine the fire’s precise location. Yuxin Li et al. 

(2021) implemented the YOLO architecture to capture fire’s spatial signature in similar research.  

ShadabDastgeer et al. (2016) detected moving regions using frame differencing. The algorithm’s 

final stage involved estimating the degree of burning using the temporal variation of pixel 

intensities at the candidate fire regions’ contour. 

Similarly, (Khalil et al., 2021) employed the multi-colour space and background 

modelling approach to detect colour and moving regions. In addition to colour analysis, Prema et 

al. (2018) presented temporal and spatial wavelet models to capture fire’s temporal and spatial 

characteristics, respectively. However, these systems could not effectively discriminate complex 

events, such as a light flashing at the fire frequency or a man in fire-coloured cloth dancing. 

Due to these shortcomings, some researchers captured fire in the spatiotemporal domain 

as part of the fire detection algorithms—for instance, Dimitropoulos et al. (2015) characterised 

fire’s dynamic texture using a linear dynamic model. The authors also analysed the spatial 

wavelet energy variation across consecutive frames and the spatiotemporal consistency energy.  

Moreover, (Hashemzadeh & Zademehdi, 2019)  exploited the colour property and surface 

boundary spatio-temporal features of fire. However, although these systems are more robust 

against a false alarm, they suffer a lower detection rate in a complex scenario when the fire’s 

dynamic pattern properties are less noticeable (for example, fire at a far distance from the 

camera). Moreover, a false alarm remains an issue due to complex events (e.g., the fire-coloured 
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flag under the influence of wind, moving vegetation, dust particles) that mimic fire’s 

spatiotemporal behaviour. Also, the dynamic texture and pattern analysis typically have a high 

computation cost. 

Therefore, this thesis aims to tackle these identified problems by introducing a CVFD 

system that automatically adjusts its processing based on the video scene’s complexity by 

selecting only the relevant fire detection solutions. Table 2.1 gives the main techniques used in 

CVFD systems identified in the research review.  These techniques are briefly explained in the 

next section. 

2.2    Main techniques used in CVFD systems 

This section presents an overview of the fundamental processing units that have been 

employed in designing CVFD systems. Moving region detection and colour segmentation is 

typically used as the initial stage in most fire detection systems; a fire has distinct colour 

characteristics and is constantly moving due to airflow. Also, the computation cost of this stage is 

usually low compared with the final stage. Once the area of interest has been determined, further 

processing is necessary to ascertain the presence of fire. The final stage of the CVFD algorithms 

aims to capture the spatial and dynamic properties and typically involves one or more of the 

following: spatial, temporal, and spatiotemporal analysis. 

2.2.1    Fire colour segmentation 

According to several studies (e.g., Chen et al., 2004; Foggia et al., 2015; Munshi, 2021), 

in the RGB colour space, a flame has highly distinct chromatic features in the range of the red-

yellow band. The red, green, and blue components of fire are denoted by R, G and B, 

respectively.  As a result, many researchers in CVFD systems use colour information to ascertain 

whether a pixel belongs to a candidate flame region in their algorithms’ early stages.  
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The colour space in which fire is detected is also crucial. The RGB colour space is widely 

used because most monitoring cameras detect light in the RGB format by default (Çetin et al., 

2013; Khondaker & Khandaker, 2018). Also, the bottleneck due to conversion to other colour 

spaces is eliminated, resulting in improved performance. However, it is challenging to separate 

luminance from chrominance in the RGB colour space because the colour space components 

vary along with illumination. Hence, some authors (e.g., Khondaker et al., 2020; Prema et al., 

2018; ShadabDastgeer et al., 2016; Truong & Kim, 2012) adopted other colour spaces where fire 

pixels are better represented. Moreover, Khatami et al. (2017) proposed a new flame-based 

colour space where fire pixels can be separated from non-fire pixels efficiently with the Otsu 

thresholding algorithm. 

Some authors employ the multi-colour space approach to boost the robustness of their 

fire detection algorithm.  For instance, Han et al. (2017) combined three different colour space 

rules using the RGB, YUV and HSI colour spaces. In a different study, R. Chen et al. (2013) 

isolated flame colour pixels using a hybrid YCbCr model and K-means clustering algorithm in 

the CIE LAB colour space. Furthermore, (Toulouse et al., 2016) proposed two new colour space 

(RGB and CIE LAB) rules and combined them with 29 other colour space rules from the 

research literature. Also, Munshi (2021) detected fire in the YUV, HSV, and RGB colour spaces. 

The three widely used approaches to detect fire colour are discussed in the following sub-

sections. 

2.2.1.1    Rule-based methods 

The rule-based methods (Archana & Neha, 2021; Jamali et al., 2020; Khalil et al., 2021; 

Khondaker et al., 2020b; Toulouse et al., 2016; Vasconcelos et al., 2020a, 2020b) identify a flame 

pixel by comparing its values with each other or thresholds deduced from experimentations. 
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However, although these methods are efficient and generate a high detection rate, they report a 

high false alarm rate in some situations due to their reliance on empirical thresholds and confined 

datasets.  In addition, varying illumination condition remains a problem. The sub-sections below 

present the well-known rule-based colour space models from the literature across RGB, YCbCr, 

LAB, HSI and HSV colour spaces. 

2.2.1.1.1    RGB colour models   

T.-H.  Chen et al. (2004) introduced three colour space rules based on the RGB colour 

components and the saturation values. According to the first rule, the red components of fire 

pixels are generally higher than the green ones, and the green ones are higher than the blue ones. 

                𝐼(x)R > I(x)G > I(x)B (2. 1) 

where I(x)R, I(x)G, and I(x)B denotes the red, green, and blue components of a pixel x, 

respectively. Fire as a light source usually has a high red value; this property is exploited in the 

second rule. In Eq. (2.2), TR is the threshold for the red component. 

                I(x)R ≥ TR (2. 2) 

The third rule, expressed as Eq. (2.3), eliminates some spurious fire regions due to background 

illumination. 

                I(x)S ≥ (255 - I(x)R)
TS

TR
 (2. 3) 

where I(x)S is the saturation value of a pixel x, and TS is the saturation threshold. For best 

results, TS and TR were found to be 53 and 135, respectively, in Toulouse et al. (2016). 

 Celik et al. (2007) first applied a threshold to the mean of the red component according to 

Eq. (2.4). Next, the authors introduced three additional colour space rules based on the colour 

channels ratios similar to Eq. (2.5), (2.6) and (2.7) to eliminate the luminance component of the 

RGB colour space.  

                I(x)R >  TRmean
 (2. 4) 
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where TRmean  is the red component’s mean 

                |
I(x)G

I(x)R+1
-Tx1|  ≥  Tx2 

 

(2. 5) 

 

In Toulouse et al. (2016), the thresholds are set as follows: Tx1=0.565, Tx2=0.315, Ty1=0.415, 

Ty2=0.415, Tz1=0.08, Tz2= -0.08. The same approach is also adopted in (Munshi, 2021) to 

eliminate the luminance component of the RGB colour space. 

Toulouse et al. (2016) exploit the demarcation between the RGB components for reddish 

and orange colours according to the equation below: 

                I(x)R+ min (I(x)R, I(x)G, I(x)B)  ≥ Tm     (2. 8) 

where Tm is optimised to 72 using pattern analysis. 

2.2.1.1.2    YCbCr colour models 

Celik & Demirel (2009) introduced six YCbCr colour space rules for fire colour 

segmentation to overcome the problems associated with illumination change and to separate 

chrominance from luminance. The first three rules establish a relationship between the 

components of the YCbCr colour space as follows: 

                I(x)Y > I(x)Cb
 (2. 9) 

where I(x)Y, I(x)Cb
, and I(x)Cr

 represents the intensities of the luma, blue- and red-difference 

chroma components of the pixel x, respectively, and TD is optimised to 40 in (Toulouse et al., 

                |
I(x)B

I(x)R+1
-Ty1|  ≥  Ty2 

 

(2. 6) 

                |
I(x)B

I(x)G+1
-Tz1|  ≥  Tz2 (2. 7) 

                I(x)Cr
 > I(x)Cb

 (2. 10) 

                |I(x)Cb 
- I(x)Cr

| ≥ TD (2. 11) 
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2016). The following three rules establish a relationship between the individual YCbCr 

components and their means TYmean
, TCbmean

, and TCrmean
: 

                I(x)Y > TYmean
 (2. 12) 

                I(x)Cb  <  TCbmean  
(2. 13) 

                I(x)Cr
 >  TCrmean

 (2. 14) 

 

 After performing pattern analysis on fifty fire images, Munshi (2021) observed that fire 

pixels are clustered to a particular region in the YCbCr colour space; this can be expressed as: 

                Pixel=

{
 

 
Fire, if (I(x)Y ≥ 170 or I(x)Y < 145)  and  

50  ≤  I(x)Cb ≤ 120 and

120  <  I(x)Cr
 < 220

Non-fire, Otherwise                                         

 

 

(2. 15) 

 

2.2.1.1.3    The LAB colour models 

According to (Celik, 2010), the LAB colour space provides a better representation of fire 

pixels than the RGB colour space because of its perceptual uniformity. The author assumed that a 

fire region has the highest intensity in an image and therefore introduced the following LAB 

colour space rules: 

                I(x)
L* >  TLmean

*  (2. 16) 

                I(x)a*  >  Tamean
*  (2. 17) 

                I(x)
b

*  >  T
bmean

*  (2. 18) 

                I(x)
b

*  >  I(x)a* (2. 19) 

 

Toulouse et al. (2016)  separated the orange and red fire pixels using the addition of the 

a*and b
*
 channels, according to Eq. (2.20). The main idea is that fire regions with a shade of red 

can be represented with a positive a* value while fire regions with a shade of yellow can be 

represented with a positive b
*
 value. 



A NOVEL VISION-BASED FIRE DETECTION ALGORITHM 41 

                𝐼(𝑥)𝑏∗ +  𝐼(𝑥)𝑎∗  ≥  𝑇𝐴 (2. 20) 

where TA is a threshold optimised to 32.4 

2.2.1.1.4    HSI colour models 

Horng et al. (2005) analysed fire pixels in the HSI colour space. The authors observed 

that the hue, saturation, and intensity of fire pixels fall in the range (-45–60), (17–200), (35–215), 

respectively, and therefore established the following rules: 

                |I(x)H - TH1
| ≥ TH2

 (2. 21) 

                |I(x)S -  TS1
|  ≥  TS2

 (2. 22) 

                |I(x)I -  TI1
|  ≥  TI2

 (2. 23) 

The thresholds 𝒯𝐻1 , 𝒯𝐻2, 𝒯𝑆1, 𝒯𝑆2, 𝒯𝐼1 and 𝒯𝐼2 are optimised to 10, 55, 108.5, 91.5, 125 and 90, 

respectively (Toulouse et al., 2016). 

2.2.1.1.5    The HSV Colour model 

The HSV (Hue, Saturation, Value) colour space model is analogous to human perception 

and interpretation of colour (Munshi, 2021). Fire generally displays colours close to white in the 

middle and colours close to red or yellow in the surrounding regions. On this basis, it can be 

concluded that fire pixels fall into specific HSV colour space ranges. Therefore, Munshi (2021) 

established the following rules to identify fire pixels in the HSV colour space, using pattern 

analysis: 

where I(x)𝐻, I(x)S , and I(x)V are the HSV components, respectively 

 

Pixel={

Fire, if  (0< I(x)𝐻 ≥ 0.35 or 3 ≤ I(x)𝐻 ≤3.14)  and  

0.3  ≤  I(x)S ≤ 1.0 and

0.8  <  I(x)V < 1.0       
Non fire, Otherwise                                                            

 

 

 
(2. 24) 
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2.2.1.2    Statistical-based methods 

In statistical-based methods (W. Li et al., 2021; Z. Li et al., 2018; Munshi, 2021; 

Wahyono et al., 2022), a pixel is labelled as fire if it belongs to a colour distribution model 

trained with a set of fire images.  

For example, Ko et al. (2009),  Torabian et al. (2021), and (Wahyono et al., 2022) 

adopted a normalised RGB colour model to detect fire: a pixel is classified as a fire pixel if it 

belongs to the probability distribution. The distribution can be constructed as follows: 

                PC(I(x)C)= 
1

√2πσC
2

exp(-
(I(x)C- µC

)
2

2σC
2 ) 

 

(2. 25) 

                P(I(x)|fire)= ∏ PC(I(x)C)
R, G, B
C  (2. 26) 

 

where C∈{R, G, B}, PC(I(x)C) is the probability of the colour channel C of a pixel belonging to 

the distribution, P(I(x)|fire) is the probability that a pixel I(x) is a fire, µ is the mean, and σ2 is 

the variance. 

 Also, J. Chen et al. (2010) established that two curves bond the saturation value of fire 

pixels in the colour saturation vs the blue channel plane. The equations of the two curves are 

expressed as Eq. (2.27) and Eq. (2.28), where I(x)S is the saturation value of a pixel I(x). 

                I(x)S ≤ {
100  - 0.48(I(x)B),      if (I(x)B) ≥ 117

79.27 - 0.311(I(x)B), if(I(x)B) < 117
 

 
(2. 27) 

 

                I(x)s ≥  -2.0147 + 90.59435e
- 

I(x)B
77.6027 

(2. 28) 

 

In similar research, Celik & Demirel (2009) established that fire pixels are distributed in 

a particular region, enclosed by curves in the Cb-Cr plane, according to Eq. (2.29) and (2.30): 

 

                I(x)Cb ≥ F1(I(x)Cr
) (2. 29) 



A NOVEL VISION-BASED FIRE DETECTION ALGORITHM 43 

                I(x)Cb
 ≤ F2(I(x)Cr

) (2. 30) 

 

In (Toulouse et al., 2016), the curves 𝐹1 and 𝐹2 are computed and represented as Eq. 

(2.31) and (2.32) through the pattern analysis of a larger dataset.  

                F1(q) = 7.79 X 10
-3

q2 + 2.10q - 2.25 (2. 31) 

                F2(q)= {
4.47 X 10

-2
q2 - 16.94q + 1513.52,    q ≤ 142

3.39 X 10
-5

q2 + 0.77q - 98.31,        Otherwise
 

 
(2. 32) 

 

2.2.1.3    Feature-based methods 

The candidate fire pixels are extracted and used as inputs to a trained classifier or a 

clustering algorithm in the feature-based methods (e.g., Chino et al., 2015; Truong & Kim, 2012; 

Yang et al., 2021). During the training phase, the classifier searches for the demarcation between 

fire and non-fire pixels; in the detection phase, a pixel is labelled as fire if it falls inside the fire 

pixel’s boundary. Compared with the rule-based methods, the statistical and feature-based 

methods are more robust against changes in environmental conditions if the appropriate model is 

employed and trained with a large, diversified dataset with different illumination conditions.  

However, rule-based methods are faster. 

2.2.2    Moving region detection 

A flame region is constantly moving, particularly at its boundary, due to airflow and the 

violent nature of combustion; this is why the moving object detection algorithm is extensively 

implemented in most CVFD detection systems. Nevertheless, the extracted moving region needs 

to be further analysed to ascertain whether the motion is due to flame. Moving region detection 

algorithms can be categorised into the optical flow, frame differencing and background 

subtraction. 
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2.2.2.1    Optical flow analysis 

The optical flow methods (e.g., Khondaker et al., 2020b; Khondaker & Khandaker, 2018; 

Yu et al., 2013) aim to capture the motion between two consecutive images in a sequence of 

ordered image frames at every voxel position by estimating the brightness gradient changes in 

the spatio-temporal domain. This method’s underlying assumption is that a moving object 

maintains constant luminance in a video sequence. Moreover, the image brightness should be 

continuous and differentiable. Under these conditions, moving objects’ velocities can be easily 

calculated without scene analysis (Khondaker & Khandaker, 2018). The Lucas-Kanade algorithm 

is a commonly used differential method for computing the optical flow. This algorithm divides 

the video frame into smaller blocks, assuming that each block has a constant velocity. Each pixel 

in a block is assigned a weight W such that the ones closer to the central pixel are given more 

weight. For each pixel, W can be determined by estimating the Gaussian function of the 

Euclidean distance between the pixel and the central pixel. The optical flow vector or changes in 

brightness gradient [u,v] can be expressed as: 

              [
u

v
]= [

∑ Ix
2W2   ∑ IyIxW2

∑ IxIyW2 ∑ Iy
2 W2 

] [
-∑ ItIxW2

-∑ ItIyW2 
] 

 
(2. 33) 

Here, Ix and Iy is the image brightness partial derivatives corresponding to the spatial dimensions 

x and 𝑦 respectively; It is the gradient in the temporal dimension. 

2.2.2.2    Temporal differencing 

Temporal differencing identifies moving regions in videos by estimating the difference 

between consecutive frames over a pre-defined interval. The motion areas are extracted by 

applying a threshold to the frame difference, based on the assumption that the moving pixels’ 

intensities vary significantly (see Eq. (2.34)). Moreover, this method adapts particularly well to 

dynamic environments (Patel & Tiwari, 2012) but unfortunately fails to extract pixels within the 
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overlapping regions of moving objects across consecutive frames (Luo, 2014). Nevertheless, the 

method is attractive due to its relatively low computational cost (Gomes et al., 2014; Patel & 

Tiwari, 2012). In (Avula et al., 2020; Collins et al., 2000), a three-frame differencing rule is 

presented; a pixel at position x is considered moving if: 

                (|It(x)-It-1(x)|>τ) and (|It(x)-It-2(x)|>τ) (2. 34) 

Here, It(x) is the pixel’s intensity at frame t; τ is an empirical threshold. 

Boufares et al. (2021) proposed an improved frame differencing algorithm, replacing the logical 

‘and’ operator with a Max operator; this is followed by a post-processing operation involving 

gamma correction and Otsu thresholding algorithm. 

2.2.2.3    Background subtraction 

Background subtraction involves comparing video frames with a reference background 

image and applying a threshold to the difference. The method performs well in a relatively stable 

scene because it extracts all the relevant feature pixels of the moving region. However, the 

primary challenge is constantly updating the background model in a dynamic environment 

because the reference background image degrades with time in such a situation. A simple version 

of the background scheme can be expressed as: 

                |It(x) - Bt(x)| > τ (2. 35) 

where Bt(x) is the pixel’s value at location x on the background image; τ is a predetermined 

threshold. Different techniques are used for background maintenance in a moving region 

detection scheme. The background update can be implemented using an infinite impulse 

response (IIR) filter (e.g., Foggia et al., 2015; Gagliardi et al., 2021; Gu et al., 2016; Montero et 

al., 2021) similar to Eq. (2.36): 

                Bt+1(x) = {
 αBt(x) + (1 - α)It(x),  if x ∈ Background                  

 Bt,                     if x ∈ Foreground                              
 

(2. 36) 

 

 where α is the learning rate. 
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  In a more sophisticated approach (e.g., Jinlan et al., 2016; Qureshi et al., 2016), the frame 

differencing method is integrated into the background subtraction scheme. For example, in 

(Qureshi et al., 2016), a pixel It(x) is labelled as a foreground pixel if it satisfies the following 

conditions: 

                { 

|It(x) - Bt(x)| > Tt(x) and 

|It(x) - It-1(x)| > Tt(x) and

|It(x) - It-2(x)| > Tt(x)        

  

 

      (2. 37) 

 

 

where Tt(x) is the adaptive threshold, which describes the statistically significant change in 

intensity of a pixel at location x from the frame It(x) through It-1(x). The background image is 

updated according to Eq. (2.36), whereas the adaptive threshold is computed as: 

                Tt+1(x)= {
 αTt(x) + (1 - α)It(x),  if x ∈ Background                  

 Tt(x),                    if x  ∈ Foreground                           
 

(2. 38) 

 

Although these methods alleviate the problems associated with a dynamic scene and partial 

detection, their reliance on heuristic thresholds makes them impractical for real-time application 

without an operator’s assistance. Moreover, false detection due to noise, illumination changes 

and small repetitive motion (moving vegetation and small camera displacement) is still an issue. 

 More advanced techniques that utilise individual pixels’ statistic information across 

consecutive frames have been developed to alleviate the fundamental problems of background 

subtraction algorithms. For example, the Gaussian mixture model (GMM) is widely used for 

background modelling (Han et al., 2017; Khalil et al., 2021; Qian et al., 2018; Truong & Kim, 

2012). In this approach, each pixel in the video sequence is modelled as a mixture of K Gaussian 

distributions.  Each distribution is categorised as either a background or foreground distribution. 

Any pixel that fits into the background subset distribution is classified as a background pixel and 

vice-versa.  These methods have successfully handled illumination change and alleviated the 

problems related to small repetitive motion. In a GMM distribution, the observation probability 
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of a pixel with a vector value xi, t at frame t in spatial location i can be expressed as Eq. (2.39). 

The algorithm checks xi, t against the Gaussian distributions in order of their fitness values 

(expressed as Eq. (2.43)) until it matches a component.  If the pixel does not match any 

component, a new Gaussian mixture with a large variance and small responsibility is created. 

Also, the mean of the new distribution is initialised with the value of xi, t. 

                P(xi)∑ Wj ,tη (xi ;µj, t
,Σj, t)

K
j=1  

 

(2. 39) 

where η(.) is the probability density distribution function and is represented as: 

                η (xi ;µj, t
,Σj, t)= 

1

(2π)
3
2|Σ|

1
2

e
(-

1

2
)(xi - µj, t)

T
Σ-1

 
(xi - µj, t)

 
(2. 40) 

 

 

and the responsibility or weight of the 𝑗th Gaussian component is denoted as Wj, t; The mean and 

covariance matrix are represented as µ
j, t

 and Σj, t, respectively. With the assumption that the 

RGB components have the same variance and are independent, the covariance matrix is 

simplified to  Σj, t= σj, t
2 I, where I is an identity matrix. The covariance matrix’s diagonal 

represents the variance. wk, n , µ
k
 and σk are updated using an online expectation maximisation 

(EM) algorithm described in (KaewTraKulPong & Bowden, 2002). The labelling conditions is 

described as: 

                xi, t= {
Background,    if it belongs to the first M distributions   
Foreground,    if it belongs to other distributions             

 
(2. 41) 

 

                M =  arg min
K
(∑ Wj, t > T

K

j=1

)   
(2. 42) 

 

and T is the minimum prior probability of the background 

The fitness metric that is used to set priorities for each component of the Gaussian mixture is 

computed as: 

                fitness = 
Wj, t

σj, t
 (2. 43) 
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A significant disadvantage of the GMM approach is the assumption that the background 

pixels always occur more frequently than the foreground pixels; this issue can sometimes result 

in a fixed variance, with the absence of other feasible choices. Moreover, the computation cost of 

the GMMs is specifically high. On the other hand, the adaptive median algorithm is more 

efficient and less intensive computationally (Dimitropoulos et al., 2015). The algorithm can be 

represented as: 

                Bt+1(x)= {
 Bt(x) + 1,  if(It(x) > Bt(x))     

Bt(x) - 1,   if(It(x) < Bt(x))      
 

(2. 44) 

 

 

In recent research, Torabian et al. (2021) identified moving regions in videos using fractal 

analysis. First, three binary images are obtained by analysing consecutive frames using the 

Kernel principal component analysis technique, temporal blanket method, and Laplace 

technique, respectively. The binary images are then merged to increase the detection accuracy.  

While this approach effectively detects moving regions, it is less efficient than other methods. 

2.2.3    Spatial Analysis 

Two approaches exist in the research literature to process the spatial information of an 

image: (1) The classic feature extraction techniques, also known as the handcrafted feature 

extraction methods (2) Convolutional neural networks (CNNs). The techniques are briefly 

discussed below: 

2.2.3.1    Handcraft Feature extraction methods 

The area covered by an uncontrolled fire consists of several varying colours, even inside 

a small region (Dimitropoulos et al., 2015; Günay et al., 2010). Researchers focus on this 

property of flame to discriminate against ordinary fire-coloured objects, which generally possess 

a lower spatial colour variation. Edge detectors, texture descriptors, and histogram analysis have 



A NOVEL VISION-BASED FIRE DETECTION ALGORITHM 49 

been employed to model fire’s spatial signature. For instance, in (Qi & Ebert, 2009), a range 

filter is applied to the green component of each input frame, and any pixels with a range value 

above a threshold are considered flame pixels. Alternatively, in (Dimitropoulos et al., 2015), the 

red channel of each frame is decomposed with a 2D wavelet filter into the high-low ILH, low-

high IHL, and high-high IHH wavelet sub-images, respectively. The average spatial wavelet 

energy Eavg is then computed using the expression in Eq. (2.45). Finally, a threshold is applied to 

the average wavelet energy Eavg to identify fire. 

                Eavg=
1

NP

∑ (|ILH|
2+|IHL|

2+|IHH|
2)i, j  (2. 45) 

 

Borges & Izquierdo (2010) used the variance metric to measure a candidate fire region’s surface 

coarseness.  

The main issue with these algorithms is their dependence on a simple heuristic threshold. 

 Some authors (Chino et al., 2015; Prema et al., 2018; Sheng et al., 2021) employ classifiers to 

replace empirical thresholds. For example, along with the colour feature, Sheng et al. (2021) 

extracted the statistical features of the Grayscale image, Gray-level Concurrent Matrix, Wavelet 

Transform Decomposition, and the Local Similarity Binary Pattern and then fed the features into 

the input of a Deep Belief Network to detect fire. 

2.2.3.2    Convolutional neural networks 

A convolutional neural network (Yamashita et al., 2018) is a variant of the multilayer 

perceptron network designed for visual image processing. The model is inspired by the 

hierarchical arrangement of neurons in the animal visual cortex. The network uses a set of 

kernels to capture the spatial patterns of an image from low-level to high-level. The weights of 

the kernels are leaned and optimised adaptively and automatically during the training process.  
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The CNN as a mathematical model is primarily composed of three main components: the 

convolutional, pooling, and fully connected layer. 

The input is filtered with convolution kernels to extract the targeted patterns in the 

convolution layer. The convolution operation is, in fact, a linear operation as it computes the sum 

of dot products of the kernel’s weights and the pixels in the area covered by the kernel. Then, the 

kernel is shifted across the whole input grid to form a feature map. The spatial size of the feature 

map reduces as the network goes deeper since a point in the feature maps corresponds to several 

points in the input grid. Finally, the features obtained after a convolution process is updated with 

a non-linear activation function. The most used activation function is the rectified non-linear 

activation function (RELU), which selects the maximum between zero and the input value 

(Lecun et al., 2015). The input feature can also be normalised through the batch normalisation 

(BN) process before going through the non-linear activation layer to make the system more 

stable (Ioffe & Szegedy, 2015). 

The pooling layer is mainly used to downsample the feature map to impact translation 

invariance to rotation and shift. Like the convolution process, the pooling operation is carried out 

in patches from the image, and the pooling kernel is shifted across the input grid to obtain a 

feature map. In addition, the Max pooling operation, which outputs the maximum pixel value in 

the area covered by the kernel size, is widely used. Furthermore, the global average pooling is 

another efficient pooling operation. This process downsamples a feature map into a 1x1 array by 

taking the mean of all its elements. 

The fully connected (FC) layer is typically employed for the final classification task. All 

the activations from the previous layers are flattened into a one-dimensional vector and fed into 

the fully connected layer. Each connected layer is followed by a non-linear activation function 
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such as the RELU. Like the convolution layer, batch normalisation is sometimes incorporated in 

the fully connected layer to enhance the learning capability and minimise the network’s 

sensitivity to parameter initialisation. Moreover, the dropout layer can be employed to randomly 

discard parts of the dense network during training to prevent overfitting. The FC layer’s output 

typically has the same number of neurons as the number of predicted classes.  These nodes are 

connected to the last layer activation function. The SoftMax and sigmoid functions are widely 

used for the last layer activation function. The gradient descent algorithm optimises the learnable 

parameters in the network during training, using backpropagation. 

Convolutional neural networks for fire detection are increasingly popular in more recent 

papers (Jeon et al., 2021; S. Li et al., 2020; Muhammad et al., 2018; Nguyen et al., 2021; Shahid 

et al., 2021; Xu et al., 2021; Zhong et al., 2018) due to their success in classification and 

recognition tasks. 

2.2.4    Temporal intensity variation (flicker) analysis 

Fire moves quickly across the frames in a video sequence due to the airflow and chaotic 

nature of the combustion process. Hence, the pixels in a fire region fluctuate several times within 

a few seconds, especially at the boundary. In contrast, the pixels of a fire-coloured moving object 

does not exhibit this oscillatory behaviour because they only report a few spikes when 

transitioning from background to foreground states and vice versa within the same period 

(Dimitropoulos et al., 2015; Günay et al., 2010). In the research literature, three approaches have 

been employed to capture the flickering behaviour of fire: (I) the weighted differences approach; 

(II) the binary differences approach; (III) the wavelet-based approach. 
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2.2.4.1    Weighted difference method 

In the weighted differences approach (Zhao et al., 2015; Zhao & Tang, 2014), the flicker 

feature is extracted as the sum of the weighted absolute intensity difference across a specified 

number of video frames. In this case, the flicker feature can be specified by: 

                FLweighted= 
1

Frate

∑ (
1

Nt

∑ It(x)*|It(x)-It-1(x)|(x∈Rt)
)

Frate

t=1  (2. 46) 

 

where Rt signifies the suspected fire region with the total number of pixels Nt; Frate is the video 

frame rate. 

2.2.4.2    Binary difference methods 

The binary difference approach tracks the number of times a pixel changes its value.  In 

this respect, flicker can be quantified as the number of times a fire-coloured pixel moves from 

background to foreground status and vice versa across a specified frame number (Dimitropoulos 

et al., 2015). Flame flicker can also be captured by tracking the number of times the intensity 

difference of adjacent frames of a candidate fire pixel exceeds a threshold T1 (J. Chen et al., 

2010). Therefore, the flicker feature can be described as follows: 

                FLbinary= ∑ (∑ |It(x) - It-1(x)| (x∈Rt)
> T1)

Frate

t=1  (2. 47) 

 

2.2.4.3    Wavelet-based approach 

Flame flicker can also be captured in the frequency domain using a 1D two-stage 

temporal wavelet transform; flames have been found to flicker in an uncontrolled fire at 

approximately 10 HZ (Çetin et al., 2013). The number of frequency fluctuations can differentiate 

fire pixels from ordinary moving fire-coloured objects. The temporal wavelet decomposition is 

done using a two-filter bank containing half-band, high-pass and low-pass filters with filtering 

coefficients {-0.25, 0.5, -0.25} and {0.25, 0.5, 0.25}, respectively. The number of times the 

wavelet coefficients fluctuate between a positive and negative value is used to detect flame 
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flicker (Gomes et al., 2014; Z. Li et al., 2018). Alternatively, as expressed in Eq. (2.48), flame 

flickers can be represented as the number of times the high-pass difference of a suspected fire 

pixel across surpasses a threshold T2 across consecutive frames (Zhao et al., 2015).  

                FLwavelet =  
1

Frate

∑ (
1

Nt

∑ |IHH, t(x) - IHH, t-1(x)| (x∈Rt)
> T2)

Frate

t=1  (2. 48) 

 

 

2.2.5    Dynamic pattern analysis 

An uncontrolled fire displays a turbulent motion, with its pixels moving unpredictably in 

different directions due to its gaseous nature and potential wind effects. In contrast, a moving 

rigid object generally exhibits a smooth, calm motion, with most components moving in the 

same direction. Furthermore, the boundary of a moving rigid object is almost periodic overtime.  

In the research literature, the following techniques have been employed to exploit this property 

of flame: (I) clustered movement analysis; (II) growth rate analysis; (III) area randomness 

analysis; (IV) dynamic texture analysis. 

2.2.5.1    Cluttered movement detection 

Cluttered movement analysis tracks different parts of the candidate fire region’s 

directions to discriminate against a moving fire-coloured rigid object. In this algorithm, a set of 

corner points is extracted from the candidate fire region across consecutive frames and 

characterised by a feature descriptor (Gauglitz et al., 2011). A matching set is then computed by 

pairing each corner point in a frame with the closest one in the next frame, based on the 

Euclidean distance between their feature descriptors. Next, the corner points’ moving directions 

across consecutive frames are extracted by measuring the angles between the paired points. The 

homogeneity of the moving directions is then used to characterise the cluttered fire movement. 
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For example, Foggia et al. (2015) extract salient points in the suspected fire region using 

a high-speed corner detection algorithm (Rosten & Drummond, 2006). Then, a scale-invariant 

feature transform (SIFT) descriptor is used to characterise each corner point. Next, the salient 

points in consecutive frames are paired together, and their moving directions are fed into a bag-

of-word model. In this model, the direction space is quantised into six partitions using a 

resolution of 60°. The moving directions are then translated into a histogram representing the 

number of occurrences of each word or direction. Finally, the homogeneity of the histogram is 

computed as: 

                hm = 1 - 
max(H)

∑ hk
|H|
k=1

 (2. 49) 

 

where max(H) is the bin with the maximum value; ℎ𝑘 is the value of the kth bin.  A threshold is 

applied to hm to detect clustered movement.  

A similar study in (T. Li et al., 2013) used the optical flow algorithm to extract pixels’ 

moving directions in the fire candidate region. These moving directions (upward, leftward, 

downward, and rightward) and other parameters are then used as input into an SVM classifier 

trained with 30 consecutive frames of candidate fire regions. Similarly, Khondaker et al. (2020b) 

employ the Lucas-Kanade Tracking (LKT) algorithm to track a set of corners across consecutive 

frames. First, fifty corners are extracted using the FAST algorithm (Trajković & Hedley, 1998). 

Next, these corners are fed into the LKT tracker, which calculates the velocity vectors for each 

corner point across consecutive frames. The estimated vectors are then used to calculate the flow 

rate for each corner point. In (Qureshi et al., 2016), it is assumed that a burning fire generally 

spreads out upward and outwards. Therefore, only the candidate regions that report a higher 

growth in the upward direction than in other directions is considered fire blob. Alternatively, 

Torabian et al. (2021) tracked the location of the highest pixels across the consecutive frame. 
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2.2.5.2    Area randomness analysis 

The size and shape of a fire region vary from frame to frame.  On the other hand, a rigid 

body does not show such characteristics. This property can be used to discriminate between a 

fire-coloured object or background. For instance, Truong & Kim (2012) estimate the change in 

the suspected fire region’s size in consecutive frames to further confirm the presence of fire. 

Khondaker et al. (2020a) compute the shape variation using the perimeter-area ratio of the region 

of interest frame by frame. Liu et al. (2016) calculate the normalised area change in consecutive 

frames. In (Torabian et al., 2021), the shape variation is characterised using the difference 

between the maximum and minimum distance of the centre of gravity with the boundary pixels 

across two consecutive frames.  

Fire exhibits textures with motion (i.e., moving scenes) that possess specific stationarity 

properties in time.  This characteristic of fire is highly discriminative because flame-like objects 

do not share dynamic texture characteristics with fire. However, the computation complexity is a 

significant challenge. As a result, dynamic texture analysis is typically performed at the last 

stage, with other fire detection algorithms used as a pre-processing stage to reduce computation 

cost. Moreover, the characterisation of dynamic texture is approximated in some systems to 

reduce its computation burden.  Many strategies have been used to capture fire’s dynamic texture 

in videos. For example, Gomes et al. (2014) use a parametric recursive filter to capture dynamic 

textures; the filter is tuned approximately to frequency specific to the dynamic flame texture.  

Dimitropoulos et al. (2015) employ a linear dynamic descriptor to extract the dynamic texture 

features of candidate fire blocks.  These features are then fed into a K-Medoids algorithm to 

create a codebook, using Martin distance as a similarity metric. Finally, the codewords in the 

codebook are used as input into a trained SVM classifier. 
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  In (Prema et al., 2018), a 2D and 3D DWT spatial wavelet transform is carried out for 

each input frame, with the third dimension representing the time coordinate. The variation of the 

wavelet coefficients across consecutive frames is then used to characterise the fire’s dynamic 

texture. Gu et al. (2016) and Habiboğlu et al. (2012) designed temporally extended covariance 

descriptors using spatial-temporal blocks to capture dynamic texture. First, the candidate fire 

region’s spatial and temporal properties in a video sequence were extracted block by block using 

covariance descriptors. Next, the extracted features were then fed to an SVM classifier.  

Alternatively, Shi et al. (2016) proposed a spatiotemporal SURF descriptor to model fire’s spatial 

and dynamic behaviour. In another research, Jamali et al. (2020) employ the local binary pattern 

three orthogonal planes (LBP-TOP) algorithm to capture flame’s spatio-temporal property, while 

Verlekar & Bernardino (2020) use the convolution long short time memory (ConvLSTM). 

2.3    Research Gaps 

CVFD systems have been well researched over the past decades. Initial efforts were 

focused on handcrafted features such as texture, colour, flicker, motion, and dynamic textures.  

More attention has been drawn recently to capturing spatial fire signatures using CNNs due to 

their achievements in detection and classification tasks in recent studies. However, many of these 

systems are not guaranteed to work in every situation. As shown in Table 2.1, all the reviewed 

existing systems have various complexities that do not adapt to the inspected scene’s 

complexities.  
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Table 2. 1: Main techniques used in CVFD systems. 

 Moving 

region 

detection 

Colour  

Analysis 

Spatial 

Analysis 

Temporal 

Analysis 

Dynamic  

pattern  

analysis 

Limitations 

(Khatami 

et al., 

2017; Liu 

et al., 

2015; 

Munshi, 

2021; 

Toulouse 

et al., 

2016) 

  ✔    Detection at pixel level 

only.  Lack of spatial, 

temporal, and dynamic 

information.  Therefore, 

they are vulnerable to 

false alarms due to fire-

coloured objects or 

backgrounds. 

(Gomes et 

al., 2014) 
✔ ✔ ✔ ✔  Cannot detect motion at a 

far distance from the 

camera or when the fire 

is small 

(Wahyono 

et al., 

2022) 

 

     ✔ ✔    Lack of spatial, temporal, 

and dynamic features; 

therefore, not robust 

against false detections in 

challenging situations. 

(Jeon et 

al., 2021; 

Xu et al., 

2021; 

Zhong et 

al., 2018) 

 ✔ ✔   Can detect the presence 

of fire but cannot 

effectively determine its 

precise size and location.  

Lack of temporal and 

dynamic features; 

therefore, not robust 

against false detections in 

challenging situations. 

(Prema et 

al., 2018) 

 ✔ ✔  ✔ Robust against false 

detection but cannot 

always detect fire in the 

early stage or when the 

camera is at a long 

distance from the fire 

location. 

(Yu et al., 

2013) 
✔ ✔  ✔  Generates a false alarm 

when a light flashes on 

and off at the same 

frequency as fire. 
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The most sophisticated systems have many cascaded processing blocks relevant only to 

challenging fire situations. There is no consideration for contextual information. Therefore, these 

systems sometimes fail to detect fire, while the least sophisticated systems are more vulnerable 

to false detections. In addition, the existing feature extraction techniques cannot always provide 

detailed information about flame in a complicated fire situation, such as a distant, partially 

occluded flame. For example, it is challenging to capture dynamic textures when the camera is 

further away from the camera.  

Therefore, to tackle these problems, this thesis proposes a novel CVFD system that 

automatically adjusts its processing based on the complexity of the video scene by selecting only 

the relevant set of fire detection solutions. 

2.4    Summary 

This chapter presented a comprehensive review of the current literature in CVFD 

systems. First, it provided a brief account of the current scenarios in CVFD research, including 

research challenges and problems. After researching the literature, some deductions were made.  

Due to its appearance and chaotic nature, a fire has distinct characteristics in the following 

domains: colour, motion, spatial, temporal and spatiotemporal domains. Based on their 

sophistication level, most CVFD architectures revolve around a careful mix of these features. A 

general trend is the trade-off between a false alarm and missed detection. Detection rates are 

typically higher in the least complex systems; however, they are more likely to report a false 

alarm related to fire-coloured objects that mimic fire’s spatio-temporal behaviour. On the other 

hand, the most complex systems are more robust against a false alarm, but they fail to detect fire 

occasionally; moreover, they are more computationally intensive. 
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Section 2.2 presented an overview of the fundamental processing stages employed in 

CVFD systems to capture the chromatic, spatial, temporal and spatiotemporal fire signatures.  

The colour segmentation algorithms aim to exploit the distinct chromatic feature of fire. The 

three major approaches to this algorithm include rule-, statistical- and feature-based methods.  

Moreover, the most widely used colour spaces for fire pixels representation are the RGB, YCbCr, 

LAB, HSI, and HSV colour spaces. Because fire is constantly moving due to airflow, most 

CVFD systems employ the moving region detection algorithm to identify fire candidate regions 

for further analysis. A flame region displays a higher spatial variation of intensity than a solid 

body.  Therefore, edge detectors, texture descriptors and histogram analysis have been used in 

most studies on CVFD systems. In more recent papers, CNNs has been employed to capture the 

spatial signature of fire. The deep-learning approach has been shown to have a better 

generalisation ability. In the temporal domain, fire pixels oscillate and fluctuate rapidly within a 

few seconds. The weighted difference, binary difference, and wavelet-based methods have been 

used to model the fire’s temporal behaviour. In the spatiotemporal domain, the pixels in a flame 

region move randomly in several directions, in contrast to the pixels in a solid body, which tend 

to move in the same direction. The main models that capture fire’s dynamic pattern behaviour are 

cluttered movement detection, area randomness analysis and dynamic texture analysis.   

The last section of this chapter outlined the research problems and the gaps in the 

literature identified in this thesis. One of the main issues identified is the lack of contextual 

information in the existing CVFD systems because they do not adapt to the inspected video 

scene’s complexity. Consequently, the state-of-the-art CVFD systems may fail to detect fire in a 

complicated situation. Moreover, many systems solely rely on a single heuristics threshold in 

their processing, making them vulnerable to a false alarm. Consequently, this research aims to 
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design a system that adapts to various fire scenarios (i.e., automatically selecting the right set of 

fire detection solutions based on the inspected scene’s complexity). 
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Chapter 3: A new colour space for fire pixel detection 

This chapter presents a new flame-based colour space for fast and efficient colour 

modelling, intending to address the first research question identified in Chapter 1, Section 1.2: 

Which colour space is most suitable for fire pixel representation? This chapter delves into how to 

construct a flame-based colour space through the multiplication of the RGB components and a 

conversion matrix; it demonstrates how this multiplication can result in a discriminating colour 

space where fire pixels are accentuated while non-fire pixels are attenuated. The hybrid artificial 

bee colony-teaching learning-based optimisation (ABC-TLBO) algorithms are utilised to search 

for the weights of the conversion matrix with the k-medoids clustering algorithm as a fitness 

metric, using fire and non-fire pixel samples. Once the conversion matrix is learned from the 

search procedure, it can transform any image without carrying out the ABC-TLBO search; this 

lays the groundwork for a fast and simplistic fire colour detection algorithm. 

Section 3.1 reviews related works paying particular attention to the colour space widely 

used in the literature. The proposed framework to search the optimum weights of the colour-

differentiating conversion matrix is presented in Section 3.2. Section 3.3 discusses the 

transformation process to the proposed colour space. A comparative analysis of the proposed 

colour space and the colour spaces in the research literature is discussed in Section 3.4. Finally, 

Section 3.5 presents the chapter’s content overview as a summary. 

3.1    Introduction 

Processing colour and specifying a new colour system are two areas of interest in the 

computer vision-based fire detection community. The RGB colour space is the default format in 

most camera systems but has its merits and demerits. For example, it is more efficient than other 

colour spaces for fire pixel segmentation. However, the RGB colour space cannot separate a 
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pixel’s chrominance and intensity. Therefore, many researchers have explored other colour 

spaces for fire pixel detection, such as HSI and YCbCr (Celik & Demirel, 2009; Horng et al., 

2005). Du & Liu (2016) determined the most suitable colour space for representing fire pixels; 

they found that Srgb and PJF performed best. 

In the classic colour spaces, fire and non-fire pixels are represented in a wide colour 

range, such as red and yellow bands in the RGB colour space. Consequently, complicated 

methods such as colour space rules, patterns, or statistical analysis (Toulouse et al., 2016) have 

been used for fire detection. Moreover, the colour space rules methods are more vulnerable to 

false alarms, whereas the pattern or statistical-based methods require a high computation cost. 

Therefore, Khatami et al. (2017) introduced a new flame-based colour space where fire pixels are 

more highlighted than non-fire pixels; fire pixels can be separated using the Otsu thresholding 

algorithm. Conversion to this colour space requires a linear multiplication of a colour-

differentiating conversion matrix and the RGB components. The weights of the conversion 

matrix are obtained using a PSO search procedure and K-medoids clustering algorithm. 

 The main shortcoming of Khatami et al. (2017)’s algorithm is that it does not work well 

on images with high colour complexities. However, it offers a fast and efficient solution because 

it requires only a linear multiplication; once the conversion matrix is determined, it can 

transform any images without going through the PSO procedure. This chapter is inspired by this 

idea and adopts the hybrid ABC-TLBO algorithm, which has some benefits over the PSO 

algorithm (M. Zhang et al., 2018) in searching for the optimum solution. Hence, a framework 

that combines the k-medoids clustering and the ABC-TLBO algorithms is proposed to construct 

a new colour space for fire pixel detection. The main idea is to search for a 3 x 3 conversion 

matrix that transforms the RGB colour model into a colour space that brightens the fire pixels 
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and dims the non-fire pixels. The ABC-TLBO algorithm is utilised to search for the weights of 

this matrix. Simultaneously, the k-medoids clustering algorithm is used as a fitness metric or 

objective function. The experimental results suggest that the proposed colour space was more 

robust against complex backgrounds and provides a better representation for fire pixels than the 

colour spaces in the research literature. 

3.2    Proposed framework for obtaining the optimal conversion matrix 

This chapter’s core contribution is utilising the hybrid ABC-TLBO procedure and k-

medoids clustering algorithm to search for the optimal weights of the proposed 3 x 3 conversion 

matrix. Fig. 3.1 presents the proposed framework for the search procedure. The framework 

searches for a conversion matrix with a fire colour-differentiating property. The search can 

converge to an optimal solution with pixels from fire and non-fire regions of sample images. The 

ABC-TLBO algorithm is employed to iteratively search for the conversion matrix’s proper 

weights, which gradually evolve during the search process, resulting in a differentiating colour 

space. The k-medoids clustering algorithm evaluates each solution generated during the search 

procedures. The search process can be divided into three modules: 

• Initialisation phase: A set of 50 initial solutions is generated randomly in a 3 X 3 

multidimensional search space and evaluated according to the fitness function. 

• The search phase: A new solution is then computed for each member of the 

population using the hybrid ABC-TLBO algorithm. The new solutions are then 

evaluated to determine their transformation errors. If an agent generates a solution 

better than its old solution, it keeps its new solution and discards its old solution. 
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• Termination phase: The algorithm is terminated if the global best cost is zero or the 

maximum number of iterations is reached. The global best solution becomes the final 

result once any of these criteria are reached. 

Sample 
image

Contrast 
Enhancement

Generate 
randomly a set of 
3X3 conversion 

matrices

Transform sample 
image with each 

matrices 

K- medoids 
clustering

Error calculation

Update the 
weights of the 
matrices using 
ABC-TLBO rules

Ev
al

ua
te

 th
e 

co
nv

er
sio

n 
er

ro
r f

or
 e

ac
h 

m
at

ric
es

End of ABC-TLBO 
search?

Obtain the 
proposed 

conversion matrix 
as the global best 

solution in the 
ABC-TLBO search

Convert sample 
images with the 

proposed 
conversion matrix

Hy
br

id
 A

BC
-T

LB
O 

se
ar

ch
 

pr
oc

ed
ur

e

No Yes

 

Fig. 3. 1: Framework for the proposed search procedure 

 

3.2.1    Feature extraction 

The weights of the conversion matrix are trained with 17 fire images covering various 

lightning conditions (see Fig. 3.2) to make the proposed colour space robust against illumination 

change. First, these images’ fire and non-fire parts are extracted manually to form two sub-
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images; the first consists of pixels from the fire parts, whereas the second contains pixels from 

the non-fire parts. Next, the two sub-images are joined together to form a feature matrix, as in 

Fig. 3.3. The first half of the feature matrix represents the fire pixels, and the second half 

represents the non-fire pixels. Finally, the feature matrix is resized to 20 X 40 X 3 pixels such 

that each half of the feature matrix has a dimension of 20 X 20 X 3. The third dimension 

corresponds to the R G B components. 

       

       

       

       

   

    

Fig. 3. 2: The training sample images 

 

 

 

Fig. 3. 3: Feature matrix extracted from training images 

 

3.2.2    Objective function 

The goal is to find the optimum weights of the proposed 3X3 conversion matrix. 

Therefore, a metric is required to quantify the matrix’s colour-differentiating property. First, the 

K-medoids clustering algorithm is applied to the feature matrix to establish the boundary 
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(Medoids) between fire and non-fire pixels. This clustering algorithm specialises in partitioning 

homogenous samples by minimising the L1 norm distances between data samples and data 

centres termed medoids. According to (Batra, 2011; Khatami et al., 2017), K-medoids provide 

better clustering quality than K-means in the presence of noise and outliers because the algorithm 

is medoid and pairwise similarity-based. The earliest variant of this algorithm is partitioning 

around medoids (PAM). Even though the PAM algorithm is computationally intensive, it is 

accurate and works well for a small data sample. Therefore, the PAM algorithm is employed in 

this study since the feature matrix’s size is small. The pseudo-code below presents the 

implemented two-class (fire and non-fire) PAM algorithm: 

1. Reshape the feature matrix to 800 X 3 pixels such that the first 400 pixels 

represents fire pixels, and the last 400 pixels indicate non-fire pixels. Each 

column or data point corresponds to one of these pixels’ R G B components. 

2. Select two pixels in the feature matrix as initial data centres or medoids, using the 

K-means++ algorithm described in Arthur & Vassilvitskii (2007). 

3. Assign each pixel in the sample feature matrix to the closest medoid using the L1 

norm distance metric. 

4. Compute the total clustering cost as the sum of distances between each pixel and 

its cluster centre according to Eq. (3.1):  

Clustering cost= ∑∑|Xk - mi|
2

c

i=1

n

k=1

 
 

(3. 1) 

 

 

where n = 20 x 40 corresponds to the total number of pixels in the feature 

matrix, c =2 is the total number of medoids, Xk is the kth pixel in the feature 

matrix, and mi is the ith medoid. 
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5. Interchange a medoid with a non-medoid and recompute the total clustering cost 

with the new configuration. Keep the new configuration (newly selected medoids) 

if its total clustering cost is less than the old configuration’s total clustering cost; 

otherwise, revert to the old configuration. 

6. Repeat steps 2 to 4 for every possible swap of medoid and non-medoid pixels, and 

then choose the combinations with the minimum number of clustering costs.  

7. Using the best configuration, associate a pixel to the nearest cluster centre. 

At the end of the K-medoids clustering procedure, all the pixels in the feature matrix are now 

separated into two clusters, each representing fire and non-fire class.  

The two medoids obtained from the clustering procedure can then be used to evaluate a 

conversion matrix. Firstly, the conversion matrix is multiplied by the RGB components of the 

feature matrix. Next, each pixel in the transformed feature matrix is assigned a fire or non-fire 

class using the medoids obtained from the clustering algorithm; this is done by allocating a pixel 

to the closest medoid. Ideally, all the fire and non-fire pixels in the feature matrix should not 

change their classes after transformation. Therefore, the transformation error of a conversion 

matrix can be computed as the number of pixels that change their clustering classes after 

transformation. For example, let M represent a 3X3 matrix that transforms the feature matrix X, 

according to Eq. (3.2): 

                Y=X*M   (3. 2)                          

The transformation error of a conversion matrix M can therefore be expressed as: 

Error(M)= ∑Class(Xi) ≠Class(Yi)

n

i=1

 
                       

                                                         (3. 3) 

                     

where Class(Xi) is the K-medoids class of pixel Xi in the original feature matrix, and class(Yi) 

is the K-medoids class of the corresponding pixel Yi in the converted feature matrix. 
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3.2.3    Hybrid ABC-TLBO algorithm 

A hybrid meta-heuristic algorithm based on ABC-TLBO searches for the optimum 3 X 3 

conversion matrix. Based on the performance evaluation of the 11 meta-heuristic algorithms in 

(M. Zhang et al., 2018), the ABC-TLBO algorithm is selected because it is rapid and effective in 

finding the optimum solution to global optimisation problems. ABC-TLBO is a hybrid 

combination of the ABC and TLBO algorithms. The following two paragraphs briefly discuss 

these algorithms. 

The ABC algorithm is colony based and simulates the food hunting behaviour of 

honeybees. The colony is divided into three groups, collaborating to search for a food source rich 

in nectar—these groups comprise employed, onlooker and scout bees. At the initial stage, each 

food source in the hive is associated with an employed bee. In other words, the colony has the 

same number of employed bees and food sources. Firstly, the employed bees search their 

neighbourhood for a more abundant food source. If an employed bee discovers a new food 

source higher in nectar amount, it abandons its old food source and moves to the new food 

source position. Next, every employed bee shares its food source information with the onlooker 

bees by dancing in the hive. After processing the nectar information of all employed bees, each 

onlooker bee selects a food source based on its nectar content; the likelihood of selecting a food 

source is directly proportional to the nectar amount of the source. The onlooker bees then scan 

the neighbourhood of the selected food source for a more abundant one. If an onlooker bee finds 

a new source with a higher nectar content, its current position is updated to the new food source 

position. Finally, the scout bees identify the abandoned food sources and replace them with 

random food sources without any guidance. 
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The TLBO algorithm imitates the teaching-learning process in a classroom; the global 

best solution acts as the teacher in the teacher phase, improving the entire class average 

performance. First, each learner generates a new solution using the teacher’s teaching ability and 

the average class performance. Then, if its new solution performs better than its old solution, a 

learner keeps the new solution and discards the old one. Finally, in the learner phase, the learners 

improve their performances by interacting with one another. For example, a learner chooses a 

peer randomly and gains more knowledge if the chosen peer is more proficient than the learner.  

3.2.4    Implementing the ABC-TLBO algorithm 

Start

Set initial conditions for 
the ABC-TLBO procedures

Employed bee phase

Every onlooker bees select an employed 
bee with a promising food source

Individualised teacher phase 

Learner phase

Onlooker bee phase

Scout bee phase

Termination criteria satisfied?

Output global best solution

End search 
algorithm

No

Yes

 

 
Fig. 3. 4: Hybrid ABC-TLBO algorithm. 

Complete details regarding the ABC-TLBO algorithm are presented in Fig. 3.4. The 

onlooker bees update their solutions using an individualised TLBO algorithm to improve the 

population diversity. In the ABC part of the algorithm, a food source position represents a 3 X 3 
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conversion matrix; the nectar amount of the food source corresponds to the matrix’s 

transformation error, determined by Eq. (3.3). Because the aim is to minimise the transformation 

error function, a better food source corresponds to a lower transformation error. Similarly, in the 

TLBO part, a learner is represented by 3 X 3 matrix weights, and a lower transformation error 

characterises higher class performance.  

3.2.4.1    Initialisation phase 

Initially, the algorithm generates 50 random solutions (3X3 matrices) as follows: 

                Mi, j = MMin + rand(0,1)(MMax -  MMin) 

               i ∈ {1, 2, …, Ne}, j ∈ {1,2, … , Dim} 

 

 

(3. 4) 

where Ne denotes the population size; Dim is the number of decision variables; Mi,j is the ith 

solution in the jth dimension; MMax and MMin are the higher and lower limits of the decision 

variables in all dimensions; rand(0,1) selects a number randomly between 0 and 1. Before 

moving to the next phase, each generated solution is evaluated using Eq. (3.3) 

3.2.4.2    Modified employed bee phase 

In this phase, an approach that employed bees use to search for a new food source 

position—using a hybrid searching strategy that integrates a direction-guided search involving 

differential evolution (DE) crossover searching—is implemented. The direction-guiding 

searching technique guides the entire population using the best global solution, according to Eq. 

(3.5): 

         Mi,j
new = {

Mi,j
old + ri,j(Mi,j

old - Mk,j) + Φi,j(GBestj - Mi,j
old),          if Error(Mi,j

old) > Error(Mk,j)  

 Mi,j
old + ri,j(Mk,j - Mi,j

old) +  Φi,j(GBestj - Mi,j
old),        Otherwise                 

  

                         both k and i ∈{1, 2, …, Ne}, k≠i, j∈{1,2, … , Dim} 

 

 

 

 

(3. 5) 
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where Ne denotes the population size, which is also the same as employed bee number; Dim is 

the number of decision variables; both Φi,j and ri,j are random numbers selected randomly within 

the range 0 – 1, GBestj is the jth dimension of the best global solution. 

The DE crossover searching method combines the positions of three random food sources, as 

expressed in Eq. (3.6): 

                Mi,j
new= Mrnd1+F(Mrnd2- Mrnd3) 

                i ∈{1, 2, …, Ne}, j∈{1,2, … , Dim}          

  

        (3. 6) 

where Mrnd1, Mrnd2, and Mrnd3 are three random food sources (3 X 3 matrices) in the 

neighbourhood; F is the differential weight and is set to 0.1. An employed bee can search for a 

new position either by Eq. (3.5) or (3.6), using a crossover probability CR, set to 0.3, to control 

the likelihood of selecting a searching method. 

An employed bee can only move to its newly discovered position if its current position 

has a higher transformation error (computed according to Eq. (3.3)). Otherwise, the employed 

bee stays in its current position. Finally, after every employed bee has finished the search 

process, they share their food sources with the onlooker bees; this process can be quantified 

using the fitness function in Eq. (3.7): 

fit(Error(Mi))={

1

1+Error(Mi)
,           Error(Mi) < 0 

1+abs(Error(Mi)),       Error(Mi) ≥ 0

 

 

 

 

               (3. 7) 

where abs(Error(Mi)) is the absolute value of the nectar amount of the i
th

 employed bee; 

fit(Error(Mi)) is the fitness value of the i
th

 employed bee based on its nectar amount. Fig. 3.5 

displays the flowchart of the modified employed bee phase. 
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Fig. 3. 5: Flowchart of modified employed bee phase. 

 

3.2.4.3    Individualised TLBO algorithm (onlooker bee phase) 

An individualised TLBO algorithm is embedded in the onlooker bee phase to improve the 

algorithm’s exploitative ability. First, the onlooker bees select an employed bee’s food source 

with a probability related to the fitness function expressed as Eq. (3.7); this selection mechanism 

can be implemented using a roulette-wheel selection process expressed as Eq. (3.8):  

Prob(i) = 
fit(Error(Mi)) 

∑ fit(Error(Mq))
Ne

q=1

 
 

                                                 (3. 8) 
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Subsequently, the onlooker bees scan the selected food source positions for a more abundant 

source using the individualised TLBO algorithm. In the teacher phase, an onlooker bee employs 

a hybrid TLBO searching process to update its solution. Each learner (onlooker bee) can improve 

their performance according to Eq. (3.9): 

Mi,j
new= Mi,j

old+ rand(0,1)(GBestj-TfMj
avg
)                                     (3. 9) 

 

where GBestj is the j
th

 subject of the global best solution performing the teacher’s role; Mj
avg

 is 

the average of the j
th

 subject of all learners; Tf is the teacher factor; its value is set to 2. 

An onlooker bee can also search for a food source using an individualised searching process, 

according to Eq. (3.10): 

Mi,j
new= Mi,j

old+ rand(0,1)(GBestj-TfMj
avg

- Mi,j
old)                           (3. 10) 

 

where Tf is set to 1. Depending on its history, a learner can update its solution with either Eq. 

(3.9) or Eq. (3.10). In other words, each learner switches between the two equations whenever 

the new solution Mi,j
new is not better than the old solution Mi,j

old. The algorithm for the teaching 

phase is summarised in Fig. 3.6. The Boolean variable flag is set to True in this figure during the 

initialisation stage. 

 In the learner phase of the modified TLBO, an onlooker bee learns from two randomly 

selected peers. The learning process is expressed as: 

                           Mi,j
new = {

Mi,j
old + rand(0,1)(Mk1,j -  Mk2,j),  if Error(Mk1,j)  <  Error(Mk2,j) 

Mi,j
old + rand(0,1)(Mk2,j - Mk1,j), Otherwise                  

    

both k1 and k2 ∈{1, 2, …, Ne}, k1≠k2, j∈{1,2, … , Dim} 

 

 

 

   (3. 11) 

 

where Mk1,j and Mk2,j are the j
th

 subjects of the two randomly selected peers. This learning 

process is summarised in Fig. 3.7. 

 

 



A NOVEL VISION-BASED FIRE DETECTION ALGORITHM 74 

For every onlooker bee

Select an employed bee using Eq. (3.8)

flag = True?
Update solution 
using Eq. (3.9), 
setting Tf = 2

No

New solution < old solution? flag = -flag

Start process

Update solution 
using Eq. (3.10), 

setting Tf = 1

Yes

Old Solution = new Solution

End process

Evaluate the transformation error for 
the new solution using Eq. (3.3)

Yes

No

 

Fig. 3. 6: Individualised TLBO algorithm teacher phase. 
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Fig. 3. 7: TLBO algorithm learner phase. 
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3.2.4.4    Scout bee phase 

The employed and onlooker bees that fail to discover a more abundant food source over a 

predetermined iteration number are relegated to the scout bee status. The scout bees search for 

undiscovered food sources, according to Eq. (3.4), and they can be promoted to an employed or 

onlooker bee status again. This process is summarised in Fig. 3.8. 

For every bees in colony

Abandonment counter > limit?

Generate an 
undiscovered food 
source according to 

Eq. (3.4) 

Start process

End process
YesNo

 

Fig. 3. 8: Scout bee phase. 

 

3.3    The proposed colourspace 

At the end of the ABC-TLBO search procedure, the value of the global best solution is 

obtained as [
3.2369 1.1828 2.4535
−1.8844 −1.1339 3.3143
−1.2566 −3.1895 −2.7735

]. As shown in Fig. 3.9, the input image first 

undergoes contrast enhancement or gamma transformation on each RGB colour channel. The 

Contrast enhancement amplifies the distinction between the fire and non-fire pixels. This study 

adopts the gamma transformation technique discussed in (Gonzalez & Woods, 2006), expressed 

as Eq. (3.12).         

                  Ioutput=k*Iinput
γ

       (3. 12) 

 

where k is a positive constant set to 1 in this research; γ is a positive constant, which defines the 

mapping between the output and input intensity values. 
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Fig. 3. 9: Colour space transformation process. 

According to Eq. (3.13), like Khatami et al. (2017), the red components are brightened, while the 

other components (green and blue) are darkened through the gamma transformation process 

since a fire typically has a high red value. 

                [R
c
 Gc Bc]=[R1.4 G B]          (3. 13) 

 

where [R
c
 Gc Bc] is the contrast-enhanced pixel, and [R G B] is the original pixel. The colour 

space transformation process, which is a linear multiplication of the contrast-enhanced image 

with the proposed colour-differentiating conversion matrix, is expressed as Eq. (3.14): 

                 [

Rt

Gt

Bt

] = [

Rc

Gc

Bc

] [
3.2369 1.1828 2.4535

-1.8844 -1.1339 3.3143

-1.2566 -3.1895 -2.7735

] 
 

    (3. 14) 

 

 

3.4    Experimental Analysis 

This section performs a qualitative assessment of the proposed colour space's colour-

differentiating ability, using positive and negative images randomly selected from the fire dataset 

(Nikos Grammalidis; Kosmas Dimitropoulos; Enis Cetin, 2017; Toulouse et al., 2017). These 

images cover various fire scenarios, including forest fires, sunsets, buildings, daylight, and fire-

coloured backgrounds.  

The experiment is carried out in a Matlab 2012b environment. First, a feature matrix is 

constructed from 17 fire images with various illumination conditions to form a feature matrix. 



A NOVEL VISION-BASED FIRE DETECTION ALGORITHM 77 

The proposed search framework is then applied to the feature matrix to deduce the optimal 

weights of the colour-differentiating conversion matrix. Fig. 3.10 presents the results of the 

search procedure. 

 
Fig. 3. 10: The results of the search procedure 

The obtained conversion matrix is then used to linearly transform the other images in the dataset 

to the new colour space. Samples of the tested images are used in Fig. 3 .11 and Fig. 3.12 for 

qualitative analysis. 

Fig. 3.11 presents the depiction of the colour space transformation process. The original 

images are presented in Fig. 3.11a; Fig. 3.11b’s images are contrast-enhanced. Fig. 3.11c 

represents the results of transformation to the new colour space. As indicated in Fig. 3.11c, the 

fire and non-fire pixels are reduced into two intensity classes. The fire pixels in the converted 

image are highlighted in pinkish colour, whereas the non-fire pixels are dimmed in blueish 

colour. It should be noted that the flame-colour-important information mainly depends only on 
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the red channel in the new colour space because the green and blue components are generally 

constant. 

    

    

    
(a) (b) (c) (d) 

Fig. 3. 11: Demonstration of colour space transformation process. (a) Original images. (b) Contrast-

enhanced images. (c) Converted images. (d) Ground truth images 

 

       

       

       

       
(a) (b) (c) (d) (e) (f) (g) 

Fig. 3. 12: Qualitative comparison of proposed colour space with other colour spaces in the literature. 

(a) Original image in the RGB colour space. (b) HSV colour space. (c) LAB colour space. (d) YCbCr 

colour space. (e) YUV colour space. (f) Proposed colour space. (g) Ground truth images. 
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Fig. 3.12 compares the proposed colour space with some traditional colour spaces, 

including HSV, Lab, YCbCr and YUV, widely used for fire detection. As can be seen, fire pixels 

are better represented in the proposed colour space; the variation between the fire and non-fire 

pixels is reduced to two classes of colour and intensity. In other colour spaces, this colour 

variation is significantly higher. 

Fig. 3. 13: Colour component distribution of the images in Fig. 3.2 in different colour spaces. (a) 

Distribution in the RGB colour space. (b) Distribution in the HSV colour space. (c) Distribution in the 

Lab colour space. (d) Distribution in the YCbCr colour space. (e) Distribution in the YUV colour space. 

(f) Distribution in the proposed colour space. 

 

  
(a) (b) 

  
(c) (d) 

  
(e) (f) 
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Also, the feature matrix (Fig. 3.2) is analysed to highlight the degree of separability 

between fire and non-fire pixels in a 3-dimensional space. Fig. 3.13a–f presents 3D graphs of the 

feature matrix in the RGB, HSV, Lab, YCbCr, YUV and proposed (Rc Gc Bc) colour space, 

respectively. The red plots represent the fire pixels, whereas the blue plots represent the non-fire 

pixels. As depicted in Fig. 3.13f, there is a significant demarcation between the fire and non-fire 

pixels in the new colour space. The proposed colour space has the least variation of colour 

distribution compared with other colour spaces. The pixels are more widely distributed in the 

RGB, HSV, YCbCr and YUV colour spaces. The lab colour space pixels also have a low 

variation of colour distribution, but there is an overlap between the fire non-fire pixels, as shown 

in Fig. 3.13c. 

      

      

      

      
(a) (b) (c) (d) (e) (f) 

Fig. 3. 14: Qualitative comparison of our colour space with some alternate colour spaces in the 

literature, using high colour complexity images. (a) RGB colour space (b) Khatami et al. (2015b) colour 

space. (c) Khatami et al., (2015a) colour space. (d) Khatami et al. (2017) colour space. (e) Proposed 

colour space. (f) Ground truth images. 
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Fig. 3.14 compares the performance of the new colour space with some other alternate 

colour spaces (Khatami et al., 2015b, 2015a, 2017) against backgrounds or objects with a high 

colour similarity with fire. As shown in Fig. 3.14, the new colour space outperforms the other 

colour spaces in fire pixel representation. For the images in the 1st and 2nd rows of Fig. 3.14, the 

proposed colour space highlights only the fire pixels, in contrast to other colour spaces, where 

some background pixels are highlighted as a fire pixel. The new colour space generates the 

lowest false detections for the image in the 3rd row because only the tiny part of the yellowish 

trouser is highlighted as fire. The second-best performer is Khatami et al. (2017), whereas the 

worst performer is (Khatami et al., 2015b). Similarly, in the 4th row, the new colour space reports 

the lowest number of pixels misrepresented as a fire pixel as only the small part of the red fence 

and the sunset are highlighted as a fire pixel. 

 

  

a b 

 

 

c  

Fig. 3. 15: Colour component distribution of images in Fig. 3.2. (a) Distribution in Khatami et al. (2017) 

colour space. (b) Khatami et al. (2015a) colour space. (c) Khatami et al. (2015c) colour space. 
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Fig. 3.15a–c presents 3D graphs of the colour distribution of the feature matrix in the 

colour spaces proposed in Khatami et al. (2017), Khatami et al. (2015b) and Khatami et al. 

(2015a), respectively. As depicted in Fig. 3.15a, the colour space in Khatami et al. (2017) has a 

lower colour distribution variation of the fire and non-fire pixels than in the proposed colour 

space. However, not all the fire pixels are separated from the non-fire pixels. Also, in Khatami et 

al. (2015a) and Khatami et al. (2015b) colour spaces, the fire and non-fire pixels are more widely 

distributed than in the proposed colour space. 

 

3.5    Summary 

This chapter introduced a new colour space for fire detection. Fire pixels are represented 

in a wide colour range in the classic colour spaces. Consequently, computer vision algorithms 

with high computation complexities are required to construct a high-performance colour model. 

Therefore, this chapter explored a more simplistic and efficient solution involving a linear 

multiplication of a 3 X 3 colour-differentiating conversion matrix with the RGB components. 

The result is a new colour space where fire pixels are significantly brighter than non-fire pixels. 

The proper weight of the matrix is obtained by applying the ABC-TLBO and K-medoids 

clustering algorithms to pixels extracted from 17 fire images covering various illumination 

conditions. The algorithm is fast and efficient because the search procedure is performed offline. 

Therefore, once the proposed conversion matrix is obtained, it can transform any image to the 

new colour space using linear multiplication without performing the ABC-TLBO procedures. In 

addition, contrast enhancement is performed on the input image during the colour space 

transformation process to boost the new colour space’s differentiating ability. 
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The experimental analysis suggests that the proposed colour space outperforms the 

classic colour spaces regarding fire pixel representation. Furthermore, the proposed colour space 

successfully reduces fire and non-fire pixels into two intensity classes and is more robust against 

a background with high colour complexities. 
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Chapter 4: Adaptive colour model for fire pixel detection 

The previous chapter presented a new flame-based colour space that outperforms the 

classic colour spaces regarding fire pixel representation. One of the main characteristics of the 

proposed colour space is its ability to separate fire and non-fire pixels into two intensity classes. 

More importantly, the variation of colour distribution of the two classes (fire and non-fire pixels) 

is significantly reduced in the new colour space. Therefore, this colour space provides a good 

foundation for fast and efficient fire detection. This chapter explores how fire pixels can be 

effectively identified in the colour space. Furthermore, a new adaptive colour is introduced to 

tackle one of the main issues relating to the illumination condition, essentially addressing the 

second research question in Chapter 1: What is the design solution for a colour model that can 

adjust to the scene’s complexity? The proposed colour model automatically adjusts its processing 

parameters based on the regions of interest's overall brightness. 

Section 4.1 presents the research context and the problems associated with the various 

types of colour models in the research literature. Finally, it justifies the need for this chapter’s 

research solution. Section 4.2 explores how fire pixels can be identified in the proposed colour 

space and highlights the disadvantage of employing a single heuristics threshold. Section 4.3 

presents the proposed adaptive colour model. The experimental analysis, including the evaluation 

criteria, parameter optimisation and performance analysis using benchmark datasets, is presented 

in Section 4.4. Finally, Section 4.5 provides the chapter’s summary. 

4.1    Introduction 

The colour feature can be used effectively to identify flame pixels. Therefore, colour 

processing is typically carried out at the earliest stage of computer vision-based fire detection 

algorithms. This step is crucial because it can dictate the system’s overall accuracy. Furthermore, 
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it is used as a pre-processing stage to tailor detection to the regions of interest. A detection 

algorithm’s primary challenge in the visible light spectrum relates to fire's inhomogeneous nature 

because flame exists in various colours. Besides, several objects or natural events possess fire’s 

colour characteristics. 

Several flame chromatic models exist in the research literature. These models are 

designed to identify all the possible flame pixels to filter out the non-fire pixels. However, 

further analysis is necessary to validate the presence of fire. As pointed out in Chapter 2, three 

major flame colour models exist in the research literature: models based on the colour space rule, 

statistical-based models, and feature-based models. Although the colour space rule models are 

fast and efficient, they generate many false positives and are not robust against illumination or 

environmental changes. Furthermore, their over-reliance on a single heuristic threshold primarily 

exacerbates this problem. Comparatively, statistical and feature-based models perform better if a 

suitable model is employed and trained with diverse datasets; however, these systems require a 

high computation cost and are still vulnerable to false alarms.  

As mentioned previously, the colour space rule methods are rapid and efficient. 

However, they are more rigid and less potent against illumination change when compared with 

the statistical and feature-based methods, which are more computationally intensive. Therefore, 

this chapter focuses on the colour space rule approach because it requires a low computation 

cost. Furthermore, an adaptive colour model is proposed to alleviate the problems related to 

illumination change; this is based on the colour space introduced in Chapter 3. The experimental 

results suggest that the proposed adaptive colour model performs best on the F-score metric, 

using sample images from the benchmark dataset covering different fire situations. 
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4.2    Fire pixel extraction in the new colour space 

Fire pixels are highlighted in a pinkish colour in the proposed colour space, whereas non-

fire pixels are highlighted in a bluish colour. Fig. 4.1 depicts the colour space conversion 

process. The input image is first contrast-enhanced before being transformed with the proposed 

colour-differentiating cover matrix, as discussed in Section 3.3 in the previous chapter. The red 

channel carries the vital information for fire pixel identification in the new colour space since the 

green and blue components generally have constant intensities; this is illustrated in Fig. 4.2. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

(a) (b) (c) 
Fig. 4. 1: Stages of the colour space conversion 

process (a) Original image (b) Contrast-enhanced 

image (c) Converted image in the new colour space 

 

 

 
   

 

 

 

Fig. 4. 2: The fire flame information relies only 

on the red component of the new colour space. 

The range of fire pixels is between 0.1 and 1 in 

the red channel of the new colour space. 

 

The pinkish pixels in the new colour space can be extracted by thresholding the red channel. The 

result of this segmentation process is a binary image map, which can be represented as: 

                M1 = {
1, I(x)Rt

 > Tt

0, I(x)Rt
 ≤ Tt

 
 

               (4. 1) 

 

where I(x)Rt
 is the red channel of the new colour space; Tt is a colour segmentation threshold 

that can be set to a value within the range of fire pixels in the red channel (i.e., 0.1 to 1). The fire 
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colour extraction process is demonstrated in Fig. 4.3. The binary map M1 in Fig. 4.3b is 

computed by applying Eq. (4.1) to Fig. 4.3a and setting the colour segmentation threshold Tt to 

0.2. In Fig. 4.3c, only the pixels corresponding to the ones in the binary map are selected. As can 

be observed, the fire regions in the sample image are entirely extracted. 

   
(a) (b) (c) 

Fig. 4. 3: Fire pixel extraction process(a) Sample image in proposed colour space (b) Binary map 

obtained, setting Tt = 0.2. (c) Pixels in the original image corresponding to the ones in (b). 

 

However, hard constants or thresholds are not robust against changes in illumination or 

environmental conditions because fire appearance varies in different situations. For example, 

Fig. 4.4 presents a challenging fire situation where the colour similarity between fire and the 

background is very high. Some of the background pixels are mistaken as a fire when Tt is set to 

0.2 (Fig. 4.4e). This false alarm is eliminated when Tt is raised to 0.8 (Fig. 4.4g). On the other 

hand, using a high threshold can lower the fire detection rate, particularly in a low-intensity 

situation. For example, in Fig. 4.5e, many of the fire pixels are eliminated when Tt is set to 0.8; 

however, the detection rate is improved in Fig. 4.5g, when Tt is set to 0.2. This problem can be 

alleviated by using an adaptive thresholding technique that minimises false detection while 

maintaining a good detection rate; more details are discussed in the next section.  
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(a) (b) (c) (d) 

   

 

(e) (f) (g)  

Fig. 4. 4: An image with a fire-coloured background generates a false detection when the value of the 

colour segmentation threshold Tt is low. Setting Tt to a higher value could eliminate this false alarm. (a) 

Original image (b) Contrast-enhanced image (c) Image in the new colour space (d) Binary map obtained 

after thresholding the red component of the new colour space with Tt = 0.2 (e) Pixels in the original 

image corresponding to the ones in (d) (f) Binary map obtained after thresholding the red component of 

the new colour space with Tt = 0.8 (g) Pixels in the original image corresponding to the ones in (f). 

  

    
(a) (b) (c) (d) 

   
 

 

(e) (f) (g)  

Fig. 4. 5: As demonstrated in (e), missed detected is generated for a high value of Tt when the fire region 

has low intensity. (a) Original image; (b) Contrast-enhanced image; (c) Image in the new colour space; 

(d) Binary map obtained after thresholding the red component of the new colour space with Tt = 0.8; (e) 

Pixels in the original image corresponding to the ones in (d); (f) Binary map obtained after thresholding 

the red component of the new colour space with Tt = 0.2; (g) Pixels in the original image corresponding 

to the ones in (f). 
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4.3    Proposed adaptive colour model 

Input Image

Contrast Enhancement

Transform to the new colour space

Compute the Otsu threshold value for all

 IRt > Tmin 

Where  Tmin is lower bound for fire pixel range in 
the red component

Label the input image based on the Otsu 
threshold value according to Eq. (4.6)

Based on the label, compute the adaptive 
threshold according to Eq. (4.7)

Obtain the binary map for the fire pixels using 
the adaptive threshold using to Eq. (4.8)

 
 

Fig. 4. 6: The proposed adaptive colour model 

 

As demonstrated in the previous section, using a fixed threshold does not always work 

well because fire has varying intensity values based on the fire situation and environmental 

factors. Therefore, this section presents an adaptive thresholding algorithm to address this 

problem. The algorithm is presented in Fig. 4.6. The algorithm's initial stage involves 

transforming the input image from the RGB to the proposed colour space. The final stage 

involves computing the adaptive threshold which is then used to generate the binary map of the 

detected fire pixels. Let V be a vector consisting of a set of real numbers representing the result 



A NOVEL VISION-BASED FIRE DETECTION ALGORITHM 90 

of thresholding the red component I(x)Rt
 with Tmin. where Tmin is the minimum red value a fire 

pixel can have in the new colour space. Then, V can be expressed as: 

                V = { I(x)Rt
∈R ∣∣  I(x)Rt

> Tmin }         (4. 2) 

 

Different fire situations can translate to varying brightness levels in the new colour space. 

Therefore, a rule can be established to deduce the adaptive threshold based on the brightness 

level of candidate fire pixels in V. The Otsu thresholding algorithm is employed to quantify this 

metric. The algorithm is suitable because it is unsupervised and can be used for automatic 

thresholding; it maximises the between-class intensity variance of the pixels in an image (Otsu, 

1979), thereby separating them into two intensity classes. Let Otsu(V) be a function that returns 

the optimal threshold, which maximises the between-class variance σB
2 (V) of the pixels in V, by 

iterating through the grey level thresholds from 0 to L then, 

                Otsu(V) = max{σ
B

2 (V)
            0≤T<L

}     

          (4. 3) 

 

                σB
2 (V)=   w0(V)w1(V)[µ0(V)- µ1(V)]2           (4. 4) 

 

and ni is the pixel count at intensity value i; N is the number of pixels in V. Since the Otsu 

threshold value Otsu(V) varies with the overall intensity in V, an image can be classified as a 

low, medium, and high-intensity image using the following criteria: if Otsu(V) is lower than a 

threshold Tlow, the image is labelled as a low-intensity image; if Otsu(V) falls between 

thresholds Tlow and Thigh, the image is labelled as a medium-intensity image; if Otsu(V) is higher 

than the threshold Thigh, the image is labelled as a high-intensity image. These criteria can be 

expressed as: 

w0(V)= ∑Pi, w1(V)= ∑Pi

L-1

i=T

, µ0(V)= 
∑ iPi

T-1
i=0

w0(V)
, µ1(V)= 

∑ iPi,
L-1
i=T

w1(V)
   

T-1

i=0

 

                where Pi=
ni

N
,  Pi>0,  ∑ Pi

L
i=0 =1, L=256 

 

 

 

 

          (4. 5) 
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                Label= {

low-intensity,                               if Otsu({ I(x)Rt
 >  Tmin}) < Tlow       

high-intensity,                         elseif Otsu({ I(x)Rt
 >  Tmin}) > Thigh    

medium-intensity,                                                  else                          

  

 

     (4. 6) 

 

 

 

Once the label for an image is determined, the adaptive threshold Tadapt can then be computed as 

follows: Tadapt is set to Tmin for a low-intensity image. For a medium-intensity image, Tadapt is 

expressed as the Otsu threshold value of a set of red component intensities greater than a 

threshold Tm; expressed as Otsu({ I(x)Rt
> Tm}). Similarly, for a high-intensity label, Tadapt is 

computed with a higher threshold Th; expressed as Otsu({ I(x)Rt
> Th}). Hence, the adaptive 

threshold for the colour segmentation can be expressed as:  

                Tadapt= {

Tmin,                                  if Label == low-intensity       

Otsu({ I(x)Rt
> Th}),     if Label == medium-intensity   

Otsu ({ I(x)Rt
> Tm}),     if Label == high-intensity     

     

 

        (4. 7) 

 

 

 

where Tmin, Tlow, Thigh, Th and Tm are experimentally determined through pattern analysis. The 

binary image obtained from Tadapt is represented in Eq. (4.8): 

                M2= {
1, I(x)Rt

> Tadapt

0, I(x)Rt
 ≤ Tadapt

 
 

        (4. 8) 

 

Fig. 4.7 demonstrates the adaptive threshold algorithm. The first-, second-, and third-row images 

are classified as low, medium, or high intensity. Therefore, the value of Tadapt varies for these 

images. For example, Tadapt is set automatically to 0.23 in the first row, 0.55 in the second row 

and 0.61 in the third row. 
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(a) (b) (c) (d) (e) 

     
(f) (g) (f) (i) (j) 

     
(k) (l) (m) (n) (o) 

 

Fig. 4. 7: Demonstration of proposed adaptive thresholding technique. Image in the first row (a)–(e) is classified 

as low intensity; therefore, Tadapt is adjusted automatically to 0.23. Image in the second row (f)–(j) is classified as 

medium intensity; therefore, Tadapt is adjusted automatically to 0.55. Image in the first row (k)–(o) is classified as 

low intensity; therefore, Tadapt is adjusted automatically to 0.61. 

 

4.4    Results and discussion 

4.4.1    Benchmarking dataset and evaluation criteria 

The proposed algorithm is implemented in a MATLAB 2012b environment on a 64-bit 

Windows 10 computer with an Intel(R) Core (TM) 3.30GHz processor and 16.00 GB RAM. 

During the experiments, 60 fire sample images are collected are converted to the new colour 

space. Then, these images are sorted into three intensity levels (high, medium, and low) using the 

new colour space's red channel. Overall, 280,401 fire pixels (25% high intensity, 30% low 
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intensity and 45% medium intensity) are considered. Finally, the colour model parameters were 

deducted through pattern analysis and experimentation using the fire regions in these images. 

For performance evaluation and comparison with the state-of-the-art colour models, this 

experiment focuses mainly on three datasets; images from the datasets in Toulouse et al. (2017) 

and Chino et al. (2015) and the frames extracted from some videos in Nikos Grammalidis; 

Kosmas Dimitropoulos; Enis Cetin (2017). These images cover various fire scenarios, including 

solar reflections, fire-coloured backgrounds, smoke presence indoors and outdoors. Overall, 622 

images are considered for testing from these databases. The ground-truth images for Nikos 

Grammalidis; Kosmas Dimitropoulos; Enis Cetin (2017) datasets were manually constructed, 

while the ground-truths for the other sample images have already been made available in 

Toulouse et al. (2017) and Chino et al. (2015). 

The F-Score (FS) measure evaluates the proposed colour model’s performance. This 

metric is considered because it represents the trade-off between recall and precision. The recall is 

the likelihood that a fire pixel is detected in a fire image, whereas precision is the likelihood that 

a pixel is correctly predicted as a fire pixel. Thus, FS can be expressed as:     

                FS= 
2TP

2TP+FP+FN
 (4. 9) 

 

TP is the true-positive rate, FP is the false-positive rate, and FN is the false-negative rate. 

4.4.2    Parameter optimisation 

In this experiment, the parameter 𝑇𝑚𝑖𝑛 is optimised to 0.1. The adaptive thresholding 

algorithm becomes more sensitive to fire-coloured backgrounds for a lower value of 𝑇𝑚𝑖𝑛; this 

higher sensitivity can increase the likelihood of false detection. On the other hand, the algorithm 

is more susceptible to a missed detection due to low-intensity fire pixels when of 𝑇𝑚𝑖𝑛 is higher. 

The parameters 𝑇𝑙𝑜𝑤 and 𝑇ℎ𝑖𝑔ℎ  are optimised to 0.25 and 0.5, respectively. A lower value of 𝑇𝑙𝑜𝑤 
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indicates a higher chance of misclassifying a low-intensity image as a medium-intensity one, 

making the algorithm more susceptible to false detection. Similarly, a higher 𝑇𝑙𝑜𝑤 value implies 

an increased likelihood of misclassifying a medium-intensity image as a low-intensity one. On 

the other hand, a lower 𝑇ℎ𝑖𝑔ℎ value increases the chance of mislabelling a medium-intensity 

image as a high-intensity one; a higher value degrades the algorithm's detection rate. 𝑇ℎ and 𝑇𝑚 

are optimised to 0.5 and 0.2, respectively. A lower value of these thresholds increases false 

detection possibility, whereas a higher value can lead to missed fire detection. 

4.4.3    Performances of proposed colour model 

Tables 4.10–4.50 present the qualitative performance comparison of the proposed 

algorithm with the state-of-the-art colour detection algorithm, using images selected from two 

sources (Nikos Grammalidis; Kosmas Dimitropoulos; Enis Cetin (2017) and Toulouse et al. 

(2015)). The first two columns contain the original and ground-truth images, respectively. The 

images in the third column represent the detection results from the proposed algorithm. The 

remaining columns contain images that represent the detection results from the state-of-the-art 

colour models. Table 4.10 compares the adaptive colour model with the method in Toulouse et al. 

(2015) and the majority voting and logistic regression scheme in Toulouse et al. (2016). Table 

4.20 compares the proposed algorithm with the methods in Khatami et al. (2015a), Khatami et al. 

(2015b) and Khatami et al. (2017), respectively. Table 4.30 compares the proposed colour model 

with the colour models in T.-H. Chen et al. (2004), J. Chen et al. (2010) and Celik et al. (2007). 

Table 4.40 compares the new colour model with the colour models in Celik & Demirel (2009), 

Horng et al. (2005) and Ko et al. (2009). Lastly, Table 4.50 compares the proposed algorithm 

with Phillips Iii et al. (2002). 
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As can be observed, the proposed colour model detects most of the fire pixels with the 

overall lowest false alarm rate compared to other systems. No false alarm is generated for the 

images in the 1st, 2nd, 3rd, 6th,10th, 11th, 13th, and 14th rows; moreover, most fire pixels are 

correctly identified by the proposed algorithm. However, the proposed algorithm fails to remove 

the red umbrella in the row 7 image. In this image, the methods in Toulouse et al. (2016) 

(Majority voting), T.-H. Chen et al. (2004), J. Chen et al. (2010), Celik et al. (2007), Celik & 

Demirel (2009), and Horng et al. (2005) perform better since they successfully filter out this 

umbrella. Conversely, the proposed algorithm performs better in the row 4 image as it 

successfully removes the red stripe and red cap, unlike other algorithms, except the method in 

Celik & Demirel (2009).  For the remaining images, in rows 8, 9 and 12, the proposed algorithm 

generates the lowest false detection rate. 

Table 4.60 presents the quantitative performance evaluation using the same images in 

Table 4.10–4.50. The proposed algorithm is the best performer for the images in the 6th, 8th, 9th, 

11th, 12th, 13th, and 14th rows, with F-Score measures of 0.82, 0.34, 0.91, 0.71, 0.82, 1.00 and 0.9, 

respectively. The method in Khatami et al. (2017) is the best performer for the image in the 1st 

with an F-Score measure of 0.85, followed by the proposed method and the method in Toulouse 

et al. (2015); both with an F-Score value of 0.82. As can be seen, there is a minimal performance 

difference between these methods. Moreover, Khatami et al. (2017) perform significantly lower 

with F-Score values of 0.09 and 0.04 for the images in rows 8 and 13, respectively, due to high 

false detection rates. Celik et al. (2007) is the best performer for the image in the 7th row, with an 

F-Score value of 0.88, but this method performs poorly for the images in the 8th, 9th, 11th, and 

13th row. In contrast to the other methods, the proposed colour model maintains a good 

performance in all these images, apart from the image in the 8th row where the F-Score value is 
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0.32, which is still the best performance for that image. This result demonstrates the adaptive 

nature of the proposed colour model because it automatically adjusts to the situations in these 

fire images. 

Fig. 4.8 and Fig. 4.9 illustrate the fire pixel detection results of the proposed colour 

model compared with the state-of-the-art colour models, using datasets from Toulouse et al. 

(2017) and Chino et al. (2015). The first dataset (Toulouse et al., 2017) covers mainly forest fire 

scenarios with different illumination conditions and solar reflections. Five hundred positive 

images were selected in this dataset to evaluate the proposed algorithm. As shown in Fig. 4.8, the 

proposed colour model reports the overall best performance with an F-Score measure of 0.81. 

The second-best performer is Khatami et al. (2017), whereas the third-best performer is Khatami 

et al. (2015a). The second dataset (Chino et al., 2015) is comparatively small, with just 119 

positive fire images, but is more challenging because it contains images with fire-coloured 

backgrounds, both in indoor and outdoor scenarios. With this dataset, the proposed colour model 

generates the overall best F-score performance of 0.65. The second-best performer is Khatami et 

al. (2017), whereas the third-best performer is Celik and Demirel (2009). Due to the higher 

colour complexity of this dataset's images, the average F-Score measure is significantly lower 

than the F-Score obtained in dataset 1. 
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Table 4. 1: Qualitative analysis of the proposed colour model with the state-of-the-art colour models. (a) 

Original image. (b) Ground-truth image. (c) Proposed adaptive colour model. (d) Colour model in 

Toulouse et al. (2015). (e)  Majority voting scheme in Toulouse et al. (2016). (f) Logistic regression 

scheme in Toulouse et al. (2016). 
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Table 4. 2: Qualitative analysis of the proposed colour model with the state-of-the-art colour model. (a) 

Original image. (b) Ground-truth image. (c) Proposed adaptive colour model. (d) Khatami et al. (2017). 

(e) Khatami et al. (2015b). (f) Khatami et al. (2015a). 
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Table 4. 3: Qualitative analysis of the proposed colour model with the state-of-the-art colour models. (a) 

Original image. (b) Ground-truth image. (c) Proposed adaptive colour model. (d) Colour model in T.-H. 

Chen et al. (2004). (e) Colour model in J. Chen et al. (2010). (f) Celik et al. (2007). 
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Table 4. 4: Qualitative analysis of the proposed colour model with the state-of-the-art colour models. (a) 

Original image. (b) Ground-truth image. (c) Proposed adaptive colour model. (d) Celik and Demirel 

(2009). (e) Colour model in Horng et al. (2005). (f) Colour model in Ko et al. (2009). 
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Table 4. 5: Qualitative analysis of the proposed colour model with the state-of-the-art colour models. (a) 

Original image. (b) Ground-truth image. (c) Proposed adaptive colour model. (d) Colour model in 

Phillips Iii et al. (2002) (e) Colour model in Rossi and Akhloufi (2010). 
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Table 4. 6: Quantitative analysis of the proposed colour model with the state-of-the-art colour models. 
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Fig. 4. 8: Quantitative performance comparison of the proposed colour model with the state-of-the-art colour 

models using the Toulouse et al. (2017) dataset. 

 

 
Fig. 4. 9: Quantitative Performance comparison of the proposed colour model with the state-of-the-art 

colour models using Chino et al. (2015) dataset. 
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4.5    Summary 

Fire colour detection is typically performed as a pre-processing task in CVFD systems 

because fire has distinct colour characteristics. This chapter focussed on colour space rule 

models because they are more efficient than the statistical and feature-based colour models. 

However, the primary limitation of the existing colour space rule models is their over-

dependence on a single heuristic threshold, making the algorithms non-adaptive to environmental 

conditions. 

Therefore, this chapter presented an adaptive colour model based on the new colour space 

introduced in Chapter 3, intending to address the limitations stated in the previous paragraph, 

aiming to minimise false detection while maintaining an excellent detection rate. Therefore, an 

adaptive threshold is employed in the proposed algorithm instead of a fixed constant. First, an 

image is labelled as low, medium, or high intensity; the labelling decision is determined by the 

Otsu threshold value of the candidate fire pixels in the new colour space. Then, based on this 

classification, the colour segmentation threshold is derived automatically. The main idea is to 

capture the illumination complexity of the image before applying the appropriate threshold for 

fire pixel detection. 

Finally, a qualitative and quantitative performance comparison is carried out using 

benchmark datasets. The experimental results suggest that the proposed colour model provides a 

better trade-off between a missed detection and a false alarm than state-of-the-art colour models. 
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Chapter 5: The Proposed Adaptive Fire Detection System 

The previous chapter explored how fire can be detected at the pixel level. A new colour 

model that adapts to the illumination complexities of the inspected scene was introduced. 

However, colour information alone is insufficient to identify fire because many objects or events 

possess a fire's colour property. Therefore, this chapter aims to exploit the motion, spatial, 

flicker, temporal shape variation and growth properties of fire. A new fire detection framework 

that integrates algorithms for fire identification in various situations such as day, night, fire-

coloured background, inflamer type, and camera distance is introduced. The proposed system 

operates with five process states bounded by rules based on the scene’s complexities; each 

process state consists of a set of fire detection solutions aimed at a particular fire situation. 

Therefore, this chapter addresses the last research question (Section 1.2 of Chapter 1): How can 

contextual information be employed to boost the performance of the existing fire detection 

algorithm? 

The relevant research literature and rationale for the proposed algorithm are discussed in 

Section 5.1. The contextual information employed to derive the embedded rules determining 

when to activate a particular state is presented in Section 5.2. Section 5.3 discusses the research 

methods of characterising fire’s motion, temporal, spatial and spatiotemporal properties. Section 

5.4 presents the proposed fire detection framework, including the system's embedded rules and 

different states. Finally, the experimental results and conclusion are presented in Section 5.5 and 

Section 5.6, respectively. 
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5.1    Introduction 

A flame is typically created from combustible material and an exothermic process that 

emits heat and light energy. Due to the influence of the airflow and combustion process, a flame 

exhibits a random and unpredictable behaviour. Aside from its temporal shape and contour 

variation, it possesses flicker, motion, and dynamic texture features. This turbulent property has 

been the focus of researchers in the CVFD field. Creating a model that captures the complex and 

inhomogeneous nature of flame effectively has been the main challenge in the vision-based fire 

detection community. False detection is typically associated with objects or natural phenomena 

that mimic the spatio-temporal properties of fire. In addition, factors such as distance from the 

camera and the nature of combustion material degrade fire’s discriminatory features. For 

example, the fire’s dynamic texture, flicker and spatial colour variation become less noticeable at 

a far distance from the camera. Furthermore, the degree of a fire’s spatial intensity variation 

depends on the inflamer and oxygen supply level. When the oxygen supply level is very high or 

when the inflamer is hydrocarbon such as heptane or gasoline, the fire region is dominated by 

white pixels, resulting in a low spatial colour variation level. 

Consequently, the systems (e.g., Shi et al., 2016) characterising fire's spatio-temporal and 

dynamic texture features are liable to missed detection, specifically when these properties are 

less noticeable in the camera's viewing range. On the other hand, the less sophisticated systems 

(e.g., Z. Li et al., 2018), which focus mainly on colour, flicker, and motion information, generally 

report a higher detection rate. However, these systems are more vulnerable to false detection due 

to events or objects that mimic the spatio-temporal behaviour of fire. The main problem 

identified with these systems is their lack of flexibility because they focus mainly on feature 

extraction without considering the fire situation’s context. Therefore, this chapter proposes a 
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novel CVFD system that automatically adapts its processing to the video scene’s complexity. The 

system operates with five fire detection algorithms, each designed for different fire situations 

such as day, night, fire-coloured background, closeness to the camera and the type of combustion 

material. These algorithms are activated depending on embedded rules that track the 

background’s colour complexity, illumination condition, percentage of moving pixels in the 

video scenes, and dominant colour of the region of interest. Moreover, an adaptive moving 

region detection algorithm that adapts its parameters to the noise levels in videos is introduced. 

Experimental results suggest this approach consolidate the detection of a real fire and increase 

the proposed system's reliability. 

5.2    Scene Analysis 

This section presents the information employed to derive the embedded rules that 

integrate various fire detection algorithms. As stated earlier, previous studies on CVFD systems 

focus only on feature extraction and classification without considering the complexities of the 

video scene. Unfortunately, this approach does not always work well due to the significant 

variation of flame appearance in videos. Therefore, the proposed embedded rule selects only the 

relevant fire detection algorithm based on the video scene’s complexities. Hence, the following 

contextual information is considered to analyse the video scene: 

5.2.1    Noise 

 Noise in videos can degrade the performance of the moving region detection algorithms 

by making stationary regions appear to be moving. Many background detection algorithms in the 

literature (e.g., Bilodeau et al., 2013; Liao et al., 2010; St-Charles et al., 2015; Töreyin et al., 

2006) rely on single heuristic thresholds or constants, which must be set manually to compensate 

for the effect of noise. Therefore, this study proposes a moving region detection algorithm that 
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adapts to the noise level. The noise variance in a video frame can be computed using the 

Laplacian convolution and averaging technique (Immerkær, 1996), according to Eq. (5.1) and 

Eq. (5.2): 

                N= 
 1 -2   1

-2  4  -2

 1 -2   1

 
 

                                                              (5. 1) 
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                                                              (5. 2) 

 

H denotes the height of the image, W represents the width, N is the noise convolution filter and 

σn is the estimated noise variance. This noise detection solution is adopted because it is fast and 

efficient. Moreover, the algorithm tends to perceive a thin line as noise, especially in a highly 

textured image, resolving the problem associated with the oversensitivity of the local binary 

similarity pattern descriptor to edges. 

5.2.2    Percentage of moving pixels and background pixel colour complexity 

Moving region detection is usually carried out in the early stages of most CVFD systems 

as a pre-processing step to eliminate false detection due to fire-coloured background. However, 

most of these algorithms have some drawbacks and are not perfect (Joshi SKSVMACET & 

Kulkarni SDMCET, 2018). Consequently, not all the fire pixels are extracted during this process; 

this can negatively impact the fire detection accuracy in the final stage. Therefore, this research 

aims to implement moving region detection only when necessary to minimise false detections 

while maintaining a high detection rate. For example, when all pixels in a video scene are 

moving. This situation can occur when the captured image is dominated by fire pixels, as 

depicted in Fig. 5.1a. — This study employs a threshold of 90% moving pixels to make up for 

the classification error of the background subtraction technique. 
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Another example is when the background has a low fire-colour similarity, as shown in 

Fig. 5.1b. The colour processing stage will be sufficient to eliminate the background pixels in 

this case. However, Fig. 5.1c shows a more challenging situation when the background colour is 

similar to fire. Moving region detection is required to eliminate the fire-coloured background 

pixels in this situation. The number of fire-coloured pixels in the background can quantify the 

background’s colour complexity; this number should be zeros ideally, but the threshold is 

adjusted to 9% to compensate for the classification error of the background subtraction 

technique. 

  

(a) (b) 

 

 

(c)  

 
Fig. 5. 1: (a) Fire pixels dominate the captured image; (b) Low colour similarity between background 

and fire region (c) High colour similarity between background and fire region. 

A background model is constructed from the first 30 frames using a local binary 

similarity pattern (LBSP) descriptor (Bilodeau et al., 2013) to estimate the number of moving 

pixels accurately. LBSP is a texture descriptor that encodes a pixel with a binary pattern obtained 

by applying a threshold to the difference between the pixel and the surrounding pixels in its 

circularly symmetric neighbourhood. The value of the LBSP of a pixel p
c
 surrounded by pixels 

p
1
 to p

n
 in an image I is given by: 
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LBSPI(xc,yc)=∑ diff(|p
n
 - p

c
|)2N          

N-1

n=0

 

 

 

                                                           (5. 3) 
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0,          Otherwise
 

 

                                                           (5. 4) 

where Tdiff is the internal similarity threshold. 

In this study, the binary code for each pixel is generated from a 5 x 5 pixels region. Each digit of 

the binary code is computed by thresholding the difference between the pixel and its surrounding 

pixels. Fig. 5.2 illustrates the LBSP procedure for each pixel in an image. Moving pixels can be 

determined by computing the inter-frame LBSP string (p
c
 is selected from the current, whereas 

p
1
 to p

n
 are selected from the previous frame). A pixel is labelled as a background if its inter-

frame LBSP string does not change over two consecutive frames. The labelling decision is 

presented in Eq. (5.5): 

                IxI,yJ,fT
 = {

Background,           H (LBSPIxI,yJ,fT
, LBSPII,yJ,fT-1

 )  > Th

Foreground,                                       Otherwise             
 

 

     (5. 5) 

 

 

LBSPIxI,yJ,fT
 is the LBSP code for a pixel intensity IxI,yJ,fT

 at a spatial location (xI,yJ
) in frame fT; 

H(.) is the hamming distance between the LBSP descriptors. A pixel is considered moving if 

classified as foreground at least once in the last three frames. It should be noted that each video 

frame is converted to a greyscale image to reduce the computation cost. Once the background 

model is obtained, the foreground pixels are extracted to calculate the percentage of moving and 

fire-coloured pixels in the background. The parameters Tdiff and Th are set automatically based 

on the noise level in the video frame using a look-up table (Table 5.1). The adaptive thresholds in 

Table 5.1 are determined empirically through experimentation. 
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Sample Image region 

(pc = 21) 

 12 34 18 32 44 

74 33 19 21 21 

45 44 21 21 45 

12 33 20 34 43 

23 23 23 43 23 

                                                                                                            

                                                                                                          

|x|=|p1...n-pc| 

 9 13  3 11 23 

53 12  2  0 0 

24 23   0 24 

 9 12  1 13 22 

 2  2  2 22  2 

diff(|x|) using Tdiff = 22 

 1  1  1  1  0 

 0  1  1  1  1 

 0  0   1  0 

 1  1  1  1  1 

 1  1  1  1  1 

Binary code for pc = 111100111100101111111111 

Fig. 5. 2: The procedure to generate the LBSP string; p
c
 is the pixels under consideration; p

1...n
 are the 

pixels surrounding p
c
 

Table 5. 1: Parameter settings for adaptive background modelling. 

 

 

 

 

 

5.2.3    Illumination condition 

Fire appearance can also be affected by the level of global illumination. For example, 

when the illumination level is low, fire as a light source becomes more distinct than the 

background; this typically happens in a nighttime situation. In such a case, fire pixels can 

efficiently be identified using the Otsu thresholding algorithm since the demarcation between fire 

and the background pixels is widened. However, the Otsu thresholding algorithm is unsuitable 

for a daytime situation because the global illumination is high. Therefore, this study adopts the 

Otsu thresholding algorithm when the global illumination is low. In addition, an adaptive frame 

differencing algorithm, which will be discussed later, is employed for a daytime scenario. 

Noise variance in the 

input video frame σn 

Internal 

similarity 

threshold 

Tdiff 

Hamming 

distance Th 

Between 0 and 1.3 20 1 

Between 1.4 and 4.6 30 1 

Above 4.6 60 1 
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Three features can determine a scene's illumination condition: the average luma, average 

brightness value, and the global brightness variance. These parameters are expressed in Eq. (5.7), 

Eq. (5.9) and Eq. (5.10), respectively: 

              L=0.299R+0.587G+0.144B                         (5. 6) 

 

Lmean= 
1

N
∑∑L(x, y)                                                               

yx

 
                       (5. 7) 

 

 

 

Br = max (
R

255
, 

G

255
, 

B

255
)                                                                   

 

                       (5. 8) 

 

Bmean= 
1

N
∑∑B(x, y)                                                                      

yx

 
 

                       (5. 9) 

 

Brvariance= 
1

N
∑∑B((x, y)-Bmean)

2
                                              

yx

 

                                                                                           

 

                     (5. 10) 

where L is the Luma value, Lmean is the average Luma value, Br is the brightness value. Brmean is 

the average brightness value. Brvariance is the brightness variance. The function max(.) returns the 

maximum value of its inputs, and R, G, B are the colour space components. The features Lmean, 

Brmean and Brvariance  are fed into a trained K-nearest neighbour (K-NN) classifier to label the 

inspected scene as day or night. The K-NN is a feature similarity-based algorithm that predicts 

the class with the most assignment among the K nearest neighbours of the test data. The 

Euclidean distance is used as the distance similarity metric. 

5.2.4    The dominant colour of the candidate fire region 

Fire spatial colour variation depends on the combustion material and oxygen supply 

level. For example, white pixels typically dominate fire at a high oxygen supply level resulting in 

a generally low spatial variation (see Fig. 5.3a). In this case, texture information becomes less 

discriminatory, specifically when the camera is at a substantial distance from the fire. 

Consequently, in this case, texture analysis may lead to missed detection. Therefore, when the 
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region of interest is dominated by white pixels, it is more appropriate to implement shape 

variation and growth rate analysis to exploit the fact that a fire region constantly changes shape 

and expands upward and outward. 

On the other hand, fire exhibits a high colour variation, and its texture property can easily 

be characterised when a low oxygen supply results in incomplete fuel oxidation. The partially 

oxidised particles radiate light in the yellow-red range, as depicted in Fig. 5.3b. Therefore, it is 

more suitable to implement texture analysis in this case. 

  
(a) (b) 

Fig. 5. 3: Fire in (a) has significant lower spatial intensity variation than the fire in (b) 

A pixel is considered a white or non-white pixel according to the equation below: 

                Pixel= {
White,           if R>199 and G>199 and B>199

Non-white,                    Otherwise                   
 

           (5. 11) 

 

 

where R, G, B are the components of Pixel. 

5.3    Fire detection methods for the proposed framework 

Seven fire detection solutions are employed to design the proposed fire detection 

algorithm. These methods aim to capture the colour, motion, spatial and temporal properties of 

fire, respectively: 
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5.3.1    Colour processing 

The proposed algorithm utilises a multi-colour space approach for fire pixel detection to 

enhance the detection accuracy of the colour model introduced in Chapter 4. First, the input 

image is preprocessed using the RGB and YCbCr colour space rules as follows: 

                M1 = R > G > B    (5. 12) 

                M2 = Y > Cb < Cr    (5. 13) 

Therefore, the binary mask obtained from the pre-processing stage is represented as: 

                Mpre= M1 & M2    (5. 14) 

 

A morphological operation is performed on Mpre to close all holes in the connected regions. The 

pixels in the input image corresponding to the zeros in Mpre are also removed. The resulting 

image is then processed with the proposed adaptive colour model: First, the pre-processed image 

undergoes contrast enhancement according to Eq. (5.15): 

                [Rc1 Gc1 Bc1]= [(Rpre)
1.4

Gpre Bpre ] (5. 15) 

 

where Rc1, Gc1, Bc1 are the RGB components of the contrast-enhanced image, and Rpre, Gpre, 

Bpre are the RGB components of the pre-processed image. Next, the contrast-enhanced image 

undergoes colour space transformation according to Eq. (5.16): 

                [R2 G2 B2]= [Rc1 Gc1 Bc1]* [
3.2369 1.1828 2.4535

-1.8844 -1.1339 3.3143

-1.2566 -3.1895 -2.7735

] 
 

(5. 16) 

 

Only the red component of the transformed image is considered for further processing because 

fire flame information relies only on the red component of the new colour space. Therefore, the 

fire colour mask is computed as: 

                ColourMask= {
1, &R2 > Tadapt

0, &R2 ≤ Tadapt
 

 

   (5. 17) 
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                Tadapt = {

Tmin,                                           if Otsu({ R2 > Tmin}) < Tlow     

Otsu({ R2 > Th}),                 elseif Otsu({ R2 > Tmin}) > Thigh 

Otsu({ R2 > Tm}),                                             else                    

      

 

   (5. 18) 

 

 

Tmin, Th, Tm, Tlow and Thigh are optimised in Chapter 4 to 0.1, 0.5, 0.2, 0.25 and 0.5, respectively. 

Otsu( . ) returns the value of the Otsu threshold of the sets of pixels under consideration. The 

colour segmentation algorithm is demonstrated in Fig. 5.4. 

   

a b c 
Fig. 5. 4: Demonstration of the colour segmentation algorithm. (a) Original image (b) Result after pre-

processing stage (c) Result after applying the adaptive colour model in the final stage of the colour 

segmentation algorithm. 

 

5.3.2    Foreground detection 

Two approaches are considered to identify the foreground candidate fire pixels: The 

Adaptive frame differencing and the two-stage Otsu thresholding algorithm. The proposed fire 

detection system selects one of these algorithms based on global illumination. These algorithms 

are discussed in the sub-section below. 

5.3.2.1    Adaptive frame differencing 

The LBSP descriptor used in the background modelling scheme is highly effective; 

however, applying the algorithm to every frame is too costly. Therefore, this study utilises a 

frame difference technique to detect moving regions, as it is adaptive to dynamic environments 

and requires a low computation cost. A dynamic threshold is proposed to alleviate the effect of 

noise. The value of this threshold is adjusted automatically based on the noise level in the video 
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frames. Therefore, a pixel is considered to belong to the background if it does not satisfy the 

following condition across consecutive frames: 

                |IxI,yJ,fT  -  IxI,yJ,fT-1
|  > Tforeground       (5. 19) 

 

The threshold  Tforeground is set based on the noise level according to the parameter settings in the 

table below: 

Table 5. 2: Parameter settings for the adaptive frame differencing algorithm. 

 

 

 

 

 

A pixel is considered moving if classified as foreground at least once in the last five frames. 

5.3.2.2    Two-step Otsu thresholding algorithm 

The Otsu thresholding algorithm is a variance-based method that searches for the optimal 

threshold maximising the foreground and background pixels’ inter-class variance (Otsu, 1979). 

In order words, the algorithm computes the image between-class variance σB
2 (frame) for all the 

possible thresholds in the grayscale intensity range of 0 to 255 and then selects the thresholds 

with the maximum inter-class variance; this can be expressed as follows: 

 TCandidate = max{σ
B

2 (frame)
                  0≤T<L

}                                                                      

 

      (5. 20) 

                σB
2 (frame)=   [wbg(frame)*wfg(frame)][µbg(frame)- µfg(frame)]2       (5. 21) 

 

 

Noise variance σn Threshold 

Tforeground 

Between 0 and 2.3 3 

Between 2.4 and 2.8 6 

Between 2.9 and 3.7 8 

Between 3.8 and 4.6 10 

Above 4.6 12 
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wbg(frame)= ∑Pi, wfg(frame)= ∑Pi

L-1

i=T

, µbg(frame)= 
∑ iPi

T-1
i=0

wbg(frame)
, µfg(frame)= 

∑ iPi,
L-1
i=T

wfg(frame)

T-1

i=0

 

             where Pi=
ni

N
,  Pi>0,  ∑ Pi

L
i=0 =1, L=256 

 

 

 

 

 (5. 22) 

 

and ni is a pixel with intensity value i; N is the number of pixels in the image; wbg(frame) is the 

pixel count for intensities under the threshold T; wfg(frame) is the pixel count for intensities 

equal to or above the threshold T; µbg(frame) is the mean of the intensities less than T; 

µfg(frame) is the mean of the intensities equal to or above T. 

The proposed framework recursively implements the Otsu thresholding algorithm in two 

stages. The first stage computes the inter-class variance for the global image. However, in a night 

fire situation, not all the background pixels are successfully removed at this stage due to the light 

reflection from the fire region. Therefore, in the second stage, the Otsu threshold is again 

computed using the extracted pixels in the first stage. This approach exploits the fact that a fire 

region is typically the brightest when the global illumination is low. Let V be a vector that 

consists of a set of real numbers representing the result of thresholding the video frame 

intensities  with  TCandidate. where  TCandidate  is the Otsu threshold obtained for the entire image. 

Then, V can be expressed as: 

 TForeground = max{σ
B

2 (V)
            0≤T<L

}                                                  

 

             (5. 23) 

 

Finally, all the intensities equal to or above  TForeground are considered the foreground or 

candidate fire pixels. 

5.3.3    Flame flicker detection 

The proposed framework captures the flickering behaviour of fire by analysing the 

temporal history of fire-coloured pixels. First, a 1D two-level wavelet decomposition is 

performed on the brightness of each fire-coloured pixel throughout 30 frames, using low- and 
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high-pass filters [0.25, 0.5, 0.25] and [-0.25, 0.5, -0.25] respectively (Günay et al., 2010); the 

brightness of a pixel is estimated as the average value of the RGB colour channels. The number 

of 0 crossings of the wavelet coefficients at the second level of decomposition is then used to 

characterise fire’s flicker behaviour. The moving region and flame flicker detection algorithm are 

demonstrated in Fig. 5.5. 

     
(a) (b) (c) (d) (f) 

Fig. 5. 5: Demonstration of proposed CVFD model. (a) Original image; (b) Result after colour 

segmentation (c) Moving region detection (d) Flame flicker detection (e) Fire detection. 

5.3.4    Shape variation analysis 

The shape of a fire region changes rapidly across consecutive frames due to airflow. On 

the other hand, a rigid body maintains its shape across consecutive frames. Therefore, as in 

(Foggia et al., 2015), the ratio of perimeter to the area of the suspected fire regions is first 

computed. Such a metric can be used as a measure of shape complexity. 

rt = 
Pt

At

 
 

                                                                                (5. 24) 

The shape variation of the blob is then estimated by comparing the perimeter-area ratio of the 

blob in the current frame t to the perimeter-area ratio of an associated blob in the previous frame 

t-1. This measure can be expressed as: 

SVt = |
rt-rt-1

rt

|                                                                    (5. 25) 

 

Finally, a threshold of 0.04 is applied to SVt to confirm the existence of a flame. 

5.3.5    Growth rate analysis 

A burning fire is known to grow upward and outward due to the buoyancy of the fire 

plume, air entrapment and eddies. This property can be exploited to confirm the presence of fire 
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further. In this study, the growth of the suspected fire region in the upward, downward, left, and 

right directions are analysed. Furthermore, the proposed algorithm tracks the number of times a 

candidate fire region grows more upward than in the other directions in the last n consecutive 

frames. A threshold is then applied to this number to detect flame. 

The growth of a suspected blob is captured by comparing its bounding box with the 

associated blob in the previous frame. The total number of pixels in the area before the left-side 

border of the bounding box is used to measure growth in the left direction. Similarly, the total 

number of pixels in the area after the right-side border of the bounding box is used to measure 

growth in the right direction. The upward growth is estimated as the total number of pixels above 

the bounding box, whereas the total number below the bounding box is used to measure 

downward growth. 

5.3.6    Spatial Analysis 

This study utilises a cascade architecture consisting of a global and patch CNN classifier 

(see Fig. 5.6), a deep learning approach designed to capture the spatial signature of the input 

frames to detect fire at the patch and global level. The global CNN classifier detects the fire’s 

presence in the image, while the patch classifier detects the precise fire location. First, the whole 

image classifier is modelled with fire and non-fire sample images. Features from the global 

image classifier are then extracted to model the patch classifier. This solution ensures 

information sharing between both classifiers, thereby incorporating global information into the 

patch classifier. The structures of the global image and patch classifiers are discussed in the sub-

sections below: 
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Fig. 5. 6: Framework of the CNN cascade classifier. The top deep learning model is the global classifier, 

a pre-trained Resnet50 fine-tuned with fire and non-fire image samples. The bottom model is the patch 

classifier trained with the activation_49_relu features extracted from the global classifier. 

5.3.6.1    Global image classifier 

Many researchers have demonstrated that the networks trained with the transfer learning 

technique perform better than those trained from scratch (Muhammad et al., 2018). Moreover, 

this technique is also beneficial for limited datasets. Therefore, a pre-trained Resnet 50 

architecture (He et al., 2016) is obtained and modified by replacing the final layers with two 

nodes. Each node corresponds to the fire and non-fire class, respectively. The customised 

network is then retrained with fire and non-fire images. The transfer learning approach ensures 

the customised network acquire features from the pre-trained network, which had been trained 

with millions of images on ImageNet (Deng et al., 2010). 
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As can be seen in Fig. 5.6, the proposed model is made up of three main processing 

stages. The first stage consists of Conv, Batch Norm, RELU, and Max POOL layers. The input 

RGB image (224x224x3) is first processed with 7x7 64 convolution filters using a stride of 2 

pixels in the Conv layer. The result is a feature map of size 112x112x64. Next, the feature map is 

standardised in the Batch Norm layer. The normalised feature map is then passed through the 

RELU layer, where all the negative values are changed to zero. Lastly, the Max POOL layer 

selects the maximum activations in the neighbourhood of 3x3 pixels using a stride of 2 pixels, 

reducing the feature map’s size by a factor of 2, thereby generating an activation map of 

dimension 56x56x64. 

The second stage of the network is stacked with four residual units. The first part of a 

residual unit comprises a Conv block, while the remaining parts are identity blocks. Therefore, as 

shown in Fig. 5.6, there is one Conv and two identity blocks in the first unit; one Conv block and 

three identity blocks in the second unit; one Conv and five identity blocks in the third unit; one 

Conv and two identity blocks in the fourth unit. The residual unit is designed to tackle the 

vanishing gradients problem in deep learning models (He et al., 2016). The identity block 

facilitates gradient flow between layers without affecting the learning capability of the network. 

While the Conv block modifies the incoming data to ensure the first- and third layers’ 

dimensions are the same, allowing for the element-wise addition. The Conv and identity block 

structures are presented in Fig. 5.7 and 5.8, respective: n denotes the number of output activation 

maps of the residual unit. 

The data obtained from the second stage is passed into a RELU activation layer in the 

third stage. Again, all the negative values are set to zero before going through the average 

pooling layer to generate a feature map of 1x1x2048. The 2048 features are then fed into two-
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node fully connected and SoftMax layers. Finally, the SoftMax classifier returns the probability 

for fire and non-fire classes, respectively. 

CONV
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Fig. 5. 7: A Conv block architecture; n denotes the number of feature maps in the last layer of the 

residual unit. 
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Fig. 5. 8: An identity block architecture; n denotes the number of feature maps in the last layer of the 

residual unit. 

5.3.6.2    Patch Classifier  

The patch classifier consists of three fully connected layers with 256, 128 and 2 neurons. 

In this architecture, the Batch normalisation and Dropout (50%) layer are added after the first 

fully connected layer, before the first activation function layer RELU. This arrangement prevents 

overfitting and enhances the network's learning ability. Finally, the last layer is a SoftMax layer 

which output the class probabilities. 

As shown in Fig. 5.6, the fire patch classifier is trained directly from the global classifier 

using the local patch features extracted from the Activation_49_relu layer. First, the patch size is 

determined using the sub-sample ratio between the original and Activation_49_relu features. For 

instance, the original image’s dimension is 224x224x3, while the Activation_49_relu feature has 
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a 7x7x2048 dimension. The subsample ratio can then be estimated as 224/7, which means a 

32x32x3 patch on the original image is represented as a 1x1x2048 feature map on the 

Activation_49_relu grid. In order words, a 1x1x2048 Activation_49_relu feature corresponding 

to a 32x32x3 patch is extracted and fed into the patch classifier. 

5.3.7    Spatio-temporal Analysis 

Due to the combustion process and the effect of wind, a fire region exhibits higher spatio-

temporal variations than a fire-coloured object. This study exploits this property by computing 

the variance of a pixel’s spatial energy in the last T frame as follows: 

𝑉( xI, yJ) =  
1

𝑇
∑(𝐸𝑡(xI, yJ) − �̅�(xI, yJ))

2
                                   

𝑇−1

𝑡=0

 

 

   (5. 26) 

 

 

where Et(xI,yJ
) denotes the pixel’s spatial energy at the spatial location (xI,yJ

); E̅(xI,yJ
) is the 

temporal average of this energy in the last T frame. Next, the average spatio-temporal energy of 

pixels in a 16 x 16 block is estimated as: 

Vblock= 
1

N
∑V( xI,yJ

)

xI,yJ

 
 

                                                                   (5. 27) 

 

where N is the total number of pixels in the block. 

The spatial wavelet energy Et(xI,yJ
) can be obtained by applying a 2-D wavelet filter to the red 

component of the input frame and summing the absolute values of the wavelet sub-images as 

follows: 

                Et(xI,yJ
) = | HL(xI,yJ

)| + |LH(xI,yJ
)| + |HH(xI,yJ

)|         (5. 28) 

 

 

Here, HL(xI,yJ
)  the high-low sub-image, LH(xI,yJ

) is low-high sub-image and HH(xI,yJ
) is the 

high-high sub-image. The variation of the spatio-temporal energy 𝑉𝑏𝑙𝑜𝑐𝑘 of a region containing 

fire is between 200 and 235, while the value of 𝑉𝑏𝑙𝑜𝑐𝑘 for a region containing fire-coloured 
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objects is between 0 and 8, according to Dimitropoulos et al. (2015). Also, the temporal window 

is set to a maximum of 100 frames for this experiment. In addition, frames that contain no region 

of interest are disregarded. 

5.4    Proposed adaptive fire detection algorithm 

The proposed system operates with five states integrated using intelligent rules derived 

from the inspected scene's complexities, as shown in Fig. 5.9. The system adapts automatically to 

different fire situations using the embedded rules. Each processing state is designed for a 

particular fire situation. Four parameters, which capture the complexities of the video frames, are 

employed to decide on which state to activate: (1) Classification of the video scene as day or 

night (2) Percentage of moving pixels (3) Percentage of fire-coloured pixels in the background 

(4) Number of white pixels in the candidate fire region. The procedures to determine these 

parameters are discussed in Section 5.2.  

The system first estimates the input frames' average luma, brightness, and brightness 

variance and feeds these parameters into a trained day/night classifier to determine the scene’s 

illumination condition. For example, if the scene is classified as night, the system employs the 2-

step Otsu thresholding algorithm to identify the foreground pixels. In this case, State1 or 2 is 

activated depending on whether white pixels dominate the foreground region. On the other hand, 

if the scene is classified as day, the system estimates the scene’s background with the first thirty 

frames. After that, State 3 is activated if the foreground region is dominated by white pixels; 

otherwise, State 4 is activated if the percentage of moving pixels is greater than 90; otherwise, 

the system activates State 5 if the percentage of fire-coloured pixels in the background is more 

than 9. Each algorithm for the different fire situations denoted as State 1, 2, 3, 4 and 5 is 

discussed in the sub-section below. 
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Fig. 5. 9: Framework of the proposed adaptive fire detection system. 
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5.4.1    State 1 
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Fig. 5. 10: Flow diagram for State 1, activated when the candidate fire region is dominated by white 

pixels in a nighttime situation 

State 1 is activated when the suspected fire region is dominated by white pixels in a 

nighttime situation. As noted earlier in Section 5.2.4, the spatial variation of a fire region is 

generally low when it is dominated by white pixels. Therefore, texture analysis is not appropriate 

in this situation. Instead, the suspected fire region's shape variation and growth rate are 

computed; these algorithms are discussed in Sections 5.3.4 and 5.3.5. Moreover, due to low 

global illumination at night, the Otsu thresholding algorithm is sufficient to determine the region 

of interest because fire as a light source is usually the brightness region.  

The conditions for the shape variation and growth rate detection algorithm must be 

fulfilled to confirm flame presence. In other words, the suspected blob must grow more upward 

than in other directions at least three times in the last five consecutive frames. Furthermore, the 

shape variation metric SVt must be more than 0.53. The flowchart for Algorithm 1 is presented in 

Fig. 5.10. 
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Input 
frame

Global CNN 
classification

Classified as 
fire?

Yes

Otsu 
thresholding 

algorithm

Colour 
processing

Flicker 
detection

Fire decision

No

ROI CNN patch 
classification

 
 

Fig. 5. 11: Flow diagram for State 2, activated when the candidate fire region is not dominated by white 

pixels in a nighttime situation. 

This algorithm is selected for a night scenario when the suspected fire region is 

dominated by non-white pixels. As shown in Fig. 5.11, the input image is first fed into the 

convolution network to detect the possible existence of fire. Suppose the input frame is classified 

as fire. In that case, further processing is required to ascertain the presence of fire. The 2-step 

Otsu thresholding algorithm is then employed to detect foreground pixels. Next, the foreground 

pixels undergo colour processing, as discussed in Section 5.3.1.  Finally, the Activation_49_relu 

features of the areas covered by the fire-coloured pixels are extracted and fed into the CNN patch 

classifier. If a patch is classified as fire, the proposed system analyses the temporal history of the 

fire-coloured pixels enclosed within the patch by estimating the number of zero crossings of their 



A NOVEL VISION-BASED FIRE DETECTION ALGORITHM 129 

1D wavelet transform, as discussed in Section 5.3.3. A candidate fire pixel is classified as fire if 

the number of zero crossings of its 1D wavelet transform is more than 2 in the last five frames. 

5.4.3    State 3 

Input frame

Adaptive frame 
differencing

Shape variation metric 
computation and 

thresholding

Growth rate computation 
and thresholding

Fire decision

 

Fig. 5. 12: Flowchart for State 3 designed to detect fire during the daytime when the moving region is 

dominated by white pixels. 

State 3 is activated when the suspected fire region is dominated by a white pixel under 

high global illumination, such as daytime. The global brightness variance is very low during the 

daytime due to high global illumination. Therefore, the Otsu thresholding algorithm is not 

suitable for detecting the region of interest. Instead, the adaptive frame differencing algorithm 

detects the region of interest. The rest of the algorithm is very similar to State 1. As shown in 

Fig. 5.12, the moving regions' temporal shape variation and growth rate are analysed to detect 

fire. 
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5.4.4    State 4 

% of fire-coloured  
pixels >5

Yes

Global CNN 
classification

Classified as fire?

Yes

ROI CNN patch 
classification

Input 
Frame

NO

Spatio-temporal 
analysis of the 
fire-coloured 

regions

Fire decision

Colour processing

NO

Flicker detection
 

 

Fig. 5. 13: Flowchart for State 4, activated when most pixels in the video scene are moving or the 

background has a low colour complexity. 

State 4 is activated when one of the following occurs: (1) the captured image is 

dominated by fire pixels (2) there is a low colour similarity between fire and the background. For 

the first situation, moving region detection is irrelevant because most captured pixels are 

moving. This situation occurs when more than 90% of the pixels in the video scene are moving. 

Moreover, the colour and flicker detection stages are sufficient to screen out the background for 

the second situation.  
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Fig. 5.13 presents the flowchart for State 4. First, the fire-coloured pixels are identified 

and segmented as discussed in Section 5.3.1. Then, based on the size of the region of interest, a 

decision is made whether to process the frame with the CNN cascade classifier or analyse the 

region of interest in the spatio-temporal domain. A threshold of 5% is used to make this decision. 

Convolutional networks offer excellent performance and good generalisation ability. However, 

they do not work well when the fire size is small. Therefore, the spatio-temporal analysis (as 

discussed in Section 5.3.7) is carried out when the candidate fire region is small to enhance the 

detection accuracy of the proposed algorithm.  In a nutshell, the region of interest is divided into 

16 x 16 blocks, then the average spatio-temporal energy for each block is computed according to 

Eq. (5.28). 

On the other hand, when the size of the candidate fire region is more than 5%, the 

cascade CNN classifier is utilised. The input frame is fed into the global image classifier. If fire 

presence is detected, the Activation_49_relu features of the fire-coloured region are extracted 

and fed into the patch classifier. If a patch is classified as fire, the pixels within the patch undergo 

flicker analysis to confirm the presence of fire finally. 

5.4.5    State 5 

State 5 is designed for a situation when the background has fire-coloured pixels. The 

flowchart for this algorithm is presented in Fig. 5.14. Moving pixels are first identified using the 

proposed adaptive frame differencing, as discussed in Section 5.3.2. If the percentage of the 

moving pixels is below 5, the proposed algorithm analyses the region of interest in the spatio-

temporal domain, similar to the State 4 algorithm. Otherwise, the input image is fed into the 

CNN cascade classifier. If the full-image CNN classifier detects a fire presence, The 

Activation_49_relu features of the fire-coloured moving regions are extracted and fed into the 
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CNN patch classifier. Lastly, the flickering behaviour of the pixels within the patches classified 

as fire is analysed to confirm the presence of fire. 

Adaptive frame 
differencing

% of moving 
pixels <5

Yes

Global CNN 
classification

Classified as fire?

ROI CNN Patch 
classifier

Flicker detection

Input 
Frame

NO

Spatio-temporal 
analysis of 

moving region

Fire decision

Colour processing

Yes

 
 

Fig. 5. 14: Flowchart for State 5, activated when the background has a high colour complexity. 

 

5.5   Experimental Analysis 

5.5.1    Dataset Preparation 

The proposed algorithm was developed and tested in a MATLAB 2020b environment on 

a 64-bit Windows 10 computer with an Intel(R) Core (TM) 3.30GHz processor, 16.00 GB RAM 

and 8.00 GB RTX 2070 graphic card. Experiments on the K-NN day/night classifiers and the 
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Cascade CNN classifiers were performed using over ten thousand positive and negative images 

collected from Toulouse et al. (2017), Chino et al. (2015), FIRE Dataset | Kaggle (2018), and 

other sources from the internet. In addition, fifty-seven videos obtained from Ko et al. (2009), 

Töreyin et al. (2006), and Foggia et al. (2015) were used to evaluate the proposed fire detection 

algorithm. 

5.5.2    Modelling the K-NN day and night classifier 

The K-NN classifier is modelled with one-hundred-day and one-hundred-night images 

using the procedure discussed in Section 5.2.2. Fifty images from each class were used for 

training, while the other fifty were used for testing. Some of these images are presented in Fig. 

5.15. Fig. 5.16 shows the impact of nearest neighbour value K on the model performance on the 

test images. Only the value of K between 1 and 10 is considered because the computation load 

increases as K increases. As can be seen, the model reports the highest accuracy of 100% when 

the model is set to 1. The other value of the model’s accuracy fluctuates between 80% and 94%. 

       
(a)               (b)                   (c)                     (d)                    (e)                    (f)                    (g) 

       
        (h)                  (i)                    (j)                     (k)                      (l)                     (m)                  (n)      

Fig. 5. 15: Sample test images for the K-NN classifier. (a) - (g) Night images; (h) – (n) Day images 
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Fig. 5. 16: The impact of K on the performance of the day and night classifier 

 

5.5.3    Modelling the cascade CNN fire classifiers 

Five thousand fire images and six thousand non-fire images were used to model the full-

image CNN classifier. These images were divided into training and validation sets. The fire and 

non-fire training image set contain two thousand five hundred each. The fire validation set 

consists of two thousand five hundred images, while the non-fire validation set consists of three 

thousand five hundred images. The network is trained with an sgdm optimiser with a learning 

rate of 5𝑒−5 using a batch size of 50 and validation frequency of 10 iterations in 2 epochs. 

Dataset for the patch classifier is prepared by annotating the fire and non-fire regions in a 

32x32 bounding box. The Activation_49_relu features were then extracted using the trained full-

image CNN. Seventy thousand fire and non-fire patches, respectively, were used. The validation 

sets contain twenty thousand patches for each class, while the training sets for each class consist 

of fifty thousand patches. The network is trained with an Adam optimiser with a learning rate of 

3e-4, Squared Gradient Decay Factor 0.99, using a batch size of 512 and validation frequency of 

10 iterations in 1 epoch. Fig. 5.17 and 5.18 present the training and validation results of the full-

image and patch classifier; their final validation accuracies are 96.06% and 97%, respectively.   
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Fig. 5. 17: The training and validation results for the global-image classifier 

 

 

Fig. 5. 18: The training and validation results for the patch classifier. The validation accuracy is mostly 

higher than the training accuracy because of the 50% dropout layer in the network. 

 

5.5.4    Experiments on the proposed fire detection system 

The proposed fire detection system is tested on fifty-seven videos obtained from Ko et al. 

(2009), Töreyin et al. (2006), and Foggia et al. (2015). The clips are positive videos covering 

different challenging fire situations, including fire-coloured objects/backgrounds, events that 
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mimic fire behaviour, fire at a far distance, and gasoline/heptane inflamed fire. In these 

situations, the methods based on motion, flicker, and colour information may generate a false 

alarm. Therefore, this dataset provides an excellent platform to test the robustness of the 

proposed fire detection algorithm. The parameters for the fire detection system were deducted 

through pattern and empirical analysis of 5 videos. 
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Fig. 5. 19: Depictions of the fire detection process of the proposed system. Process 4 is activated because 

the video scene is classified as a day with a non-complex background; the foreground is not dominated by 

white pixels, and a significant number of pixels are stationary. 

 

Fig. 5.19 demonstrates the fire detection process of the proposed algorithm of a forest fire 

video. The K-NN classifier labels the first frame as Day in Fig. 5.19a. The first thirty frames are 

then analysed to determine the foreground pixels using the LSBP descriptor. As shown in Fig. 

5.19b, the number of moving pixels is less than 90 %. Next, the foreground pixels components 
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are thresholded with 199 to determine the dominant colour in the foreground. The result in Fig 

5.19c shows that white pixels do not dominate the fire region. Next, the background pixels are 

determined in Fig. 5.19d, and the percentage of fire-coloured pixels in the background is 

estimated in Fig. 5.19e; as can be observed, this percentage is lower than 9%. Considering the 

parameters obtained in Fig. 5.19(a-e), the system activates Process 4. The input image is fed into 

the full-image classifier since the percentage of fire-coloured pixels is greater than 5%. The 

classifier correctly labels the image as fire. Therefore, the algorithm moves to the next stage, 

identifying pixels with flicker behaviour in the patches classified as fire.  Fig. 5.19h presents the 

final fire decision. 

Fig. 5.20 presents a fire situation where the background is similar to a fire. As shown in 

Fig. 5.20d, the number of fire-coloured pixels in the background is significantly high. Therefore, 

the system activates Process 5, incorporating moving region detection, as depicted in Fig. 5.20e. 

Since the number of moving pixels is significant, the system detects the presence of fire using 

the global image classifier in Fig. 5.20f. Next, the fire-coloured moving pixels are detected in 

Fig. 5.20g. Finally, flicker is detected in the patches classified as fire in Fig. 5.20h. 

Fig. 5.21 presents a nighttime situation where white pixels dominate candidate fire pixels. 

Therefore, Process 1 is activated.  As shown in Fig. 5.21a, the video scene is classified as Night. 

The system utilises the two-stage Otsu thresholding algorithm to detect the foreground pixels in 

Fig. 5.21b. In Fig. 5.21c, it is determined that the number of white pixels is greater than the non-

white pixels. Therefore, the region of interest undergoes shape variation and growth rate analyse 

in Fig. 5.21d and 5.32e, respectively.  
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Fig. 5. 20: depictions of the fire detection process of the proposed system. Process 5 is triggered in this 

fire scenario 

 

     
(a) 

Frame 1: 

K-NN labelling 

result: ‘Night. 

 

(b) 

Frame 1: 

Performing two-

stage Otsu 

thresholding 

algorithm 

 

(c) 

Frame1: 

Foreground white 

pixels extraction: 

89% white pixels 

11% Non-white  

(d) 

Frame 5: 

Removing 

connected regions 

that do not meet 

the shape variation 

requirements 

 

(e) 

Frame 5: 

Removing 

connected regions 

that do not meet 

the growth rate 

requirements 

 
Fig. 5. 21: depictions of the fire detection process of the proposed system. Process 1 is activated in this 

fire scenario 
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5.5.5    Performance comparison with the state-of-the-art systems 

The performance of the proposed system is evaluated based on the total number of frames 

generating a false alarm and the total of the frames reporting a successful fire detection. 

Therefore, the detection accuracy AC is expressed as: 

AC=
TP+TN

TP+TN+FP+FN
 

 

                                                                   (5. 29) 

TP, TN, FP, and FN are true-positive, true-negative, false-positive, and false-negative counts. 

The videos in Fig. 5.22 are sample benchmark videos obtained from Töreyin et al. (2006) 

and Foggia et al. (2015). The first 13 clips are positive videos that cover different challenging 

fire situations. The remaining 17 videos contain fire-coloured objects or situations that mimic 

fire's spatio-temporal behaviour. The methods based on motion or colour information may 

generate a false alarm in these situations. Therefore, this dataset provides an excellent platform 

to test the robustness of the proposed fire detection algorithm. The video frames are resized to 

240 x 320 pixels to reduce computation cost. 

 Fig. 5.23 presents the performance of the proposed system on the video samples in Fig. 

5. 22. As can be seen, the proposed system reports a 100% detection rate in all the positive 

videos except in Fire 1, 2, and 13. In Fire 1, the proposed system fails to detect fire when it 

becomes very small or covered with smoke at the latter combustion stage. In Fire 2, The fire 

region is very far from the camera and therefore not very visible. The fire region in video 13 is at 

the beginning of combustion; therefore, it is small. 

 



A NOVEL VISION-BASED FIRE DETECTION ALGORITHM 140 

     
Fire1 Fire2 Fire3  Fire4 Fire5 

     
Fire6 Fire7 Fire8 Fire9 Fire10 

     
Fire11 Fire12 Fire13 Fire14 Fire15 

     
Fire 16 Fire17 Fire18 Fire19 Fire20 

     
Fire21 Fire22 Fire23 Fire24 Fire25 

     

Fire26 Fire27 Fire31 Fire29 Fire30 

Fig. 5. 22: Benchmark dataset obtained from Töreyin et al. (2006) and Foggia et al. (2015). 
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The performance comparison of the proposed system and the state-of-the-art algorithms 

(Celik & Demirel, 2009; T.-H. Chen et al., 2004; di Lascio et al., 2014; Foggia et al., 2015; 

Habiboğlu et al., 2012; Muhammad et al., 2018; Rafiee et al., 2011), on the same dataset, is 

presented in Fig. 5. 24. As can be observed, the proposed system reports the overall best 

performance. 

 

Fig. 5. 23: The performance of the proposed system on the datasets in Fig. 5. 22 

 

 

Fig. 5. 24: Performance comparison of the proposed system with the state-of-the-art systems with the 

datasets in Fig. 5. 22 

8
3

.0
6

7
0

1
0

0

1
0

0

1
0

0

1
0

0

1
0

0

1
0

0

1
0

0

1
0

0

1
0

0

1
0

0

9
2

.5 1
0

0

1
0

0

1
0

0

1
0

0

1
0

0

1
0

0

1
0

0

1
0

0

1
0

0

1
0

0

8
6

.5
4 1
0

0

1
0

0

9
4

.3
8

1
0

0

9
9

.2
3

9
9

.3
7

9
7

.4

9
7

.5

DETECTION ACCURACY IN %

9
7

.5

9
4

.3
9

9
0

.0
6

9
3

.5
5

9
2

.8
6

9
0

.3
2

7
4

.2 8
7

.1

8
3

.8
7

8
7

.1

0

20

40

60

80

100

120

D
ET

EC
TI

O
N

 A
C

C
U

R
A

C
Y 

IN
 %

Proposed system Muhammad et al., (2018) after fine-tuning

Muhammad et al., (2018) before fine-tuning Foggia et al., (2015)

Di Lascio et al., (2014) Habiboğlu et al., (2012)

Rafiee et al., (2011) RGB Rafiee et al., (2011) YUV

Celik & Demirel, (2009) T.-H. Chen et al., (2004)



A NOVEL VISION-BASED FIRE DETECTION ALGORITHM 142 

5.5.6    Performance comparison with VisiFire 

VisiFire (Enis Çetin, 2009) is a window-based CVFD software with a commercial and 

academic licence; the academic licence can be requested for free with limited time. The software 

consists of several fire analysers, including a Flame detector, Markov flame detector and Night 

fire detector. This software can be used for real-time fire detection and comprises several 

research contributions (Töreyin et al., 2005, 2006; Toreyin & Cetin, 2007), suited for the 

performance evaluation of computer-vision fire detection systems. 

This study focuses mainly on the Flame detector, Markov flame detector, and Night fire 

detectors. The default settings are used for these detectors. However, for the flame detector, the 

frame rate of the tested videos must be inputted manually so the detector can estimate the scene’s 

background with the correct number of frames. The VisiFire detectors are evaluated based on the 

number of frames in which the fire region is correctly detected and the number of frames that 

generate a false alarm. The VisiFire detects fire by drawing reds or yellow squares on the fire 

regions. 

The videos in Fig. 5.25 are obtained from Foggia et al. (2015). These videos contain fire 

dominated by white pixels with gasoline and heptane as the inflamers. Moreover, the fire regions 

are at various distances from the camera, from 10 to 30m. The scenes in these videos also contain 

indoor and outdoor situations. Due to the video scene’s low global illumination, the VisiFire’s 

night detector is selected for performance comparison with the proposed system because the 

night detector is more suitable for these scenes than the other VisiFire detectors. Fig. 5.26 

presents the performance comparison of the proposed system with the VisiFire’s night fire 

detector. As can be observed, the proposed system reports an excellent detection rate on all the 
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videos with an average detection rate of 80.4 %, in contrast to the night fire detection, which 

reports an average detection rate of 53.4. 
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Fig. 5. 25: Benchmark video dataset obtained from Foggia et al. (2015) 
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Fig. 5. 26: Performance comparison of the proposed system with the VisiFire’s fire detector with the 

dataset in Fig. 5. 25 

 

Fig. 5. 27 contains sample videos from  (Ko et al., 2009) and (Töreyin et al., 2006). These 

videos contain fire-coloured backgrounds and events that mimic the spatio-temporal behaviour 

of fire. The VisiFire’s Flame detector and Markov flame detector are selected since the scenes in 

the sample videos are outdoor day situations. The performance comparison of these detectors and 

the proposed system is presented in Fig. 5. 28 and 5. 29. As can be seen, the proposed system 

reports the best performance in these videos. No false alarm is generated in any of these videos 

in contrast to the VisiFire’s detectors. The proposed system reports a detection accuracy of 100% 

in most of the videos except in Video 5, 10 and 11. The proposed system fails to identify some 

frames containing fire regions in these videos. However, most of the frames containing fire are 

identified with no false alarm.  
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Video 1 Video 2 Video 3 Video 4 

    
Video 5 Video 6 Video 7 Video 8 

    
Video 9 Video 10 Video 11 Video 12 

 

   

 

Video 13 

 

   

Fig. 5. 27: Benchmark video set obtained from Ko et al. (2009) and Töreyin et al. (2006) 

The proposed system's average detection accuracy and false alarm rate is 96.7% and 0%, 

respectively. The second performer is the Markov flame detector with a 76.4% detection rate and 
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a 14.2% false alarm rate, followed by the Flame detector with a 71.8% detection rate and 25% 

false-positive rate. 

 

Fig. 5. 28: Performance comparison of the Proposed system and Visifire’s Flame detector and VisiFire’s 

night detector with the video set in Fig. 5. 27 

 

 

Fig. 5. 29: Performance comparison of the Proposed system and Visifire’s Flame detector and VisiFire’s 

night detector with the video set in Fig. 5. 27. 
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5.6    Summary 

This chapter presented a new framework for fire detection in videos. Following a brief 

review of the literature, the main challenges faced by researchers and the limitations of the 

existing CVFD model are identified. Consequently, the proposed framework has been 

constructed to tackle these shortcomings while achieving a higher detection rate with a lower 

false detection rate. The presented fire detection framework operates with five processing states 

bonded by embedded rules that track the video scene moving-pixel percentage, colour 

complexities, noise, and global illumination. Each processing state is designed for a different fire 

situation and consists of sub-algorithms that extract the colour, motion, flicker, temporal shape 

variation, growth rate, spatial and spatio-temporal features. The justification for incorporating 

these embedded rules into fire detection algorithms has been made with explanations, 

illustrations, and experimental evaluations. Moreover, the performance comparison with the 

state-of-the-art systems shows that the proposed fire detection framework greatly enhances the 

fire detection rate while maintaining a low false alarm rate. 

 

 

 

 

 

 

 

 



A NOVEL VISION-BASED FIRE DETECTION ALGORITHM 148 

Chapter 6: Conclusions and future work 

This chapter presents the concluding findings and consequent remarks acquired from 

research done in this thesis and recommendations for future work. Section 6.1 highlights the 

main conclusion deducted from each chapter. Finally, Section 6.2 outlines the road maps for 

future research. 

6.1    Concluding remarks 

Uncontrolled fire is one of the prominent causes of natural disasters. Besides taking 

precautionary measures, timely engagement is vital to prevent life and property loss. The classic 

smoke detector technology relies on point sensors sensitive to smoke, heat, and radiation. 

Therefore, they are unreliable in large/open spaces or outdoor situations because they require 

proximity to fire. For example, detection could be delayed until smoke particles or other by-

products of combustion get sufficiently close to the fire, particularly in a windy situation. CVFD 

systems provide a better solution because they offer early detection, faster response, and broader 

coverage areas. Besides, they provide visual information about the size and location. 

Therefore, this thesis investigated vision-based fire detection systems and has made 

numerous contributions. The focal point of this thesis dwells on the concept of incorporating 

contextual information into CVFD algorithms. This study advances computer vision-based fire 

detection knowledge in multiple ways: (1) Introducing a new flame-based colour space with a 

fire colour-distinguishing property (2) developing an adaptive colour model that adapts to the 

illumination complexity of the scene (3) developing a fire detection framework that integrates 

fire detection solutions using intelligent rules derived from the complexities of the video scene. 

First, this thesis rigorously reviewed the recent literature on vision-based fire detection 

systems. Next, the knowledge gaps were identified, which provided the basis of this thesis’ 
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contributions. The central research gap identified was the lack of contextual information in the 

existing fire detection algorithm. Most of these systems are rigid, have different processing 

stages and do not adapt to the complexity of the inspected scene; therefore, they are prone to a 

false alarm or missed detection. 

The colour space in which fire pixels are represented is crucial for rapid and efficient 

detection. Therefore, this thesis focused on fire pixel representation in Chapter 3, which 

examined how a flame-based colour space can be created by linearly multiplying the RGB 

components and a 3X3 colour-differentiating conversion matrix. It was demonstrated in this 

chapter how this linear multiplication could arrive at a colour space where fire pixels are 

highlighted, and non-fire pixels are dimmed. This chapter introduced a new framework to search 

for the optimum conversion matrix. The proposed framework utilises the ABC-TLBO algorithm 

as the search procedure and the K-medoids algorithm as the fitness function, using fire and non-

fire sample pixels. Once the correct weights of the conversion matrix are obtained, it can 

transform other images to the new colour space without performing ABC-TLBO procedures. 

Therefore, this colour space offers a good foundation for fast and efficient fire pixel detection. A 

qualitative performance comparison is carried out between the proposed and classic colour 

spaces, based on the degree of separation between fire and non-fire pixels. The experimental 

results suggest that the proposed colour space outperformed other colour spaces. 

Chapter 4 explored how fire pixels can be extracted effectively in the colour space. One 

of the drawbacks of the existing colour space models is their over-reliance on a single heuristic 

threshold; therefore, they do not adapt to the colour complexities of the inspected scene. 

Therefore, an adaptive colour model is proposed in Chapter 4 to address this limitation. The 

proposed algorithm automatically labels the input image as low, medium, or high intensity. 
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Based on this classification, the fire colour extraction threshold is estimated. The experimental 

results suggest that the proposed colour model reports the best performance on the F-Score 

metric compared with the state-of-the-art colour models, using the images from the benchmark 

database.  

Colour information alone is insufficient for identifying fire due to objects and 

background with high fire colour similarity. Therefore, Chapter 5 exploited fire's motion, 

temporal, spatial and dynamic characteristics, along with colour information. An adaptive fire 

detection framework was proposed. This framework integrates fire detection solutions (colour 

processing, moving region detection, flame flicker detection, shape variation analysis, growth 

rate analysis, spatial analysis) using embedded rules derived from the video scene’s complexities. 

The embedded rules track the colour complexity of the background, illumination condition, 

percentage of moving pixels in the video scenes and the dominant colour of the candidate fire 

region. The proposed framework operates with five different blocks of processing, which are 

activated based on the embedded rules. 

Moreover, Chapter 5 introduced an adaptive moving region detection algorithm that 

tracks the noise level in videos. This approach enables the proposed fire detection algorithm to 

adapt its processing to different fire situations. As a result, the proposed system reports superior 

fire detection accuracy compared with the state-of-the-art CVFD systems on benchmark videos. 

In conclusion, this research advances vision-based fire detection algorithms with the 

aforementioned contributions. Furthermore, the information from this thesis can be employed for 

the future design of a more advanced intelligent system. 
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6.2    Future works 

The work presented in this research opens the way for future improvements. The 

proposed system can be enhanced as outlined below: 

• In the colour model proposed in Chapter 4, possible improvements in image 

classification can be investigated by employing a convolutional network. 

• In Chapter 5, a convolutional neural network can capture more contextual 

information, developing more embedded rules to increase the proposed 

algorithm’s robustness. 

• A long short-term memory network can be employed to capture the spatio-

temporal behaviour of fire when they are located at a substantial distance from the 

camera. 
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