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A B S T R A C T ARTICLE INFO 

Although various fire prevention efforts have been made, fire incidents continue 

to occur in various regions. To minimize the risk of these fires, a quick response 

is necessary so that mitigation efforts can be promptly carried out. This can be 

achieved by implementing a fire detection system. In such a system, smoke 

detection is one of the key elements aimed at providing a quick response to 
potential fire hazards. The development of a smoke detection algorithm is 

therefore crucial for enhancing the performance of the fire detection system. 
This study proposes a smoke detection algorithm that combines the Gaussian 

Mixture Model (GMM) segmentation method and region growing. The input 

data is in the form of video, which undergoes various preprocessing steps to 
prepare the data in the required format. Then, in the processing stage, two 

segmentation steps are carried out: GMM segmentation and region growing. 

GMM segmentation focuses on dividing the regions in the image into several 
clusters. Meanwhile, the region growing process is applied to expand the 

regions identified as smoke by considering the spatial context of the pixels. The 

output generated is a binary image with smoke objects in white and the 

background in black. Visually, the algorithm shows that the proposed approach 

is capable of providing better smoke detection compared to single segmentation 
methods. The results of this study demonstrate the potential of the smoke 

detection algorithm using GMM and region growing segmentation in improving 
the performance of fire detection systems. 
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I. INTRODUCTION 

Fires are an incessant occurrence in this homeland, whether it be house fires, building fires, or 

even forest fires. Fires often threaten human life, infrastructure, and ecological systems [1]. Fires 

can occur in residential areas and result in casualties and material losses with significant 

monetary value. Fires can also occur in open areas such as agricultural land and forests; of 

course, this will cause losses, including the loss of natural potential such as trees, which are the 

main producers of oxygen and can be utilized by humans to meet needs such as building 

materials, food, medicine, and others. In addition, the smoke produced by the fire also has a 

very detrimental impact on human health [2]. If the fire lasts for a long time and produces a 

large amount of smoke, it can result in widespread haze events that hinder various economic 

activities in the community [3]. These points indicate that fires pose a threat to national 

resilience, particularly in the fields of economy, health, and the environment.  

The Indonesian National Police (2023) reported 1,167 fire incidents from January to June 2023. 

According to data from the Ministry of Environment and Forestry (2023), during the period 

from January to July 2023, the area of forest and land fires (karhutla) in Indonesia reached 

90,405 hectares (ha). All of those fires were recorded to have produced emissions of more than 

5.9 million tons of carbon dioxide equivalent (CO₂). Based on that data, it is evident that the 

fires are becoming more massive. Therefore, the solution needed is not only preventive 

measures but also efforts to minimize the risks caused by unavoidable fires, known as disaster 

mitigation. Efforts that can be made to minimize the risk of fire can be carried out by quickly 

detecting the fire so that mitigation can be implemented immediately before the resulting losses 

become greater [4]. 

Therefore, technology is needed to detect the existence of a fire early, known as a fire detection 

system. A fire detection system is a collection of several integrated technologies used to detect 

fires early [5]. The system consists of several types based on the adopted sensors, including 

smoke, heat, light, and hazardous gas detection sensors related to fires. When these sensors 

detect indications of a fire, the system will activate emergency signals such as fire alarms or call 

the fire department [6]. 

Digital image processing techniques are classified by objective, including filtering, image 

smoothing, masking, image transformation, extraction, segmentation, reconstruction, and 

pattern or object recognition. Object recognition is an image processing technique aimed at 

identifying the presence and types of objects in an image [7]. Segmentation and object 

recognition are techniques often used in digital camera-based fire detection systems. In this case, 

the most important object to identify is smoke, as the presence of smoke indicates the presence 

of a fire. 

There are various smoke detection methods in images that have been developed by previous 

researchers. [8] identified smoke using segmentation techniques with a method combining 

motion characteristics and color feature extraction. [9] also used the same method as [8], but 



 Fitri Nur Azizah, Djoko Heksa Purnomo 

Indonesian Journal of Data Risk Research, 2026, Vol. 1, No. 1. Page - 60 

produced better output. Nevertheless, the method still produced errors in detecting smoke 

objects. In 2016, [10] used the active contour and threshold techniques in her research to detect 

smoke. This method was quite good at identifying smoke, but it still caused inaccuracies in 

smoke identification in complex-colored images, such as images of nature. [11] proposed a 

smoke image segmentation method using the K-Means Clustering method. Although 

segmentation with K-Means Clustering can be done quickly, the segmentation results are not 

precise, especially for images with high color variation. In addition, in the same year, [12] 

combined the rough set theory method and region growing in their research on smoke detection. 

The segmentation results provided by the method were good, but they required a relatively long 

computation time. Based on the aforementioned studies, further development of the method is 

still needed to improve the segmentation of smoke objects. 

Based on this background, this research will develop a smoke detection technique using 

segmentation and object recognition methods. This method combines segmentation techniques 

to simplify color variations in images using the Gaussian Mixture Model (GMM) method with 

the Expectation-Maximization (EM) algorithm, followed by region-growing techniques with 

initialization points performed using smoke object recognition techniques. 

II. METHODS 

1. Digital Image Processing 

Information or data is not only presented in text form, but can also be in the form of images. 

Digital image processing is a general term for techniques aimed at manipulating or improving 

images [13]. In general, the objectives of digital image processing include the following. 

a. Improving the quality of the image to emphasize certain information contained within the 

image. 

b. Performing recognition or classification of objects contained in the image. 

c. Dividing parts of the image so that they can be removed or combined with other parts of the 

image. 

Image processing helps obtain more meaningful information from image data, facilitating better 

interpretation and analysis. Techniques in image processing continue to evolve along with 

technological advancements, such as visual computing and artificial intelligence [14]. 

Operations that can be performed in digital image processing include image enhancement, 

image restoration, image segmentation, image analysis, image reconstruction, pattern 

recognition, etc [15]. 

Image segmentation is an operation in digital image processing that aims to divide the image 

into several segments based on certain criteria [15]. There are many segmentation techniques, 

including thresholding, Hough transform, connected component labeling, cluster-based 

segmentation, and others. The segmentation technique commonly used in object detection 

research is cluster-based segmentation. This technique uses data from each pixel of the image 
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and groups them into several clusters, generally based on the proximity of the pixels to each 

other [16]. 

2. Digital Video Processing 

A series of digital images displayed in sequence will produce a digital video. A digital video is 

an electronic representation of moving visual images (video) in digital data format. Unlike an 

image that consists of only a single picture or a single image, digital video consists of a series 

of images, as illustrated in Figure 1. 

 

Figure 1. Dimensions of Digital Images and Video 

Digital video processing is not much different from digital image processing, but digital video 

contains more information than static images. This is because digital video is a series of images, 

and motion is captured in the image series or digital video. An image is simply a capture of an 

object that forms a single image, while digital video or a series of images is a series of several 

images that provide a snapshot of an object and record its dynamics. The movement and 

dynamics recorded in the image series make it easier to identify an object even if the object is 

not clearly visible in the static image [7]. 

3. Gaussian Mixture Model (GMM) 

A Gaussian Mixture Model (GMM) is a probabilistic model used to create a data distribution 

model using the Gaussian distribution as a component of the mixture model. For example, 

𝑥1, 𝑥2, … , 𝑥𝑛 is a collection of pixels in an image that is considered to have a Gaussian mixture 

distribution or Gaussian Mixture Model [17], [18]. Each Gaussian component in GMM has main 

parameters, namely, the mean as the cluster center in the feature space, the covariance that 

indicates how isolated the variables are in the cluster, and the weights that provide information 

about the relative contribution of each Gaussian component to the overall distribution [19]. 
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Figure 2. Illustration of Gaussian Model Parameters with the Number of Components 𝐾 = 3 

The Gaussian Mixture Model (GMM) density function is a mathematical representation of the 

probability of data in the model. This function describes how data is distributed in a dimensional 

space based on a mixture of several Gaussian components. The GMM density function expresses 

the sum of individual Gaussian components weighted by the proportion of each component. In 

general, the GMM density function is expressed as follows: 

𝑝(𝑥|𝜃) = ∑ 𝜋𝑘𝑓(𝑥|𝜇𝑘, Σ𝑘)

𝐾

𝑘=1

 (1) 
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where 𝑝(𝑥|𝜃) is the probability density function for the data point 𝑥 with parameter 𝜃. 𝐾 is the 

number of Gaussian components. 𝜋𝑘 is the prior weight for the 𝑘 -th Gaussian component. 

𝑓(𝑥|𝜇𝑘, Σ𝑘) is the probability density function of the 𝑘-th Gaussian component with mean 𝜇𝑘 

and covariance matrix Σ𝑘. 

4. Expectation-Maximization Algorithm (EM) 

Dempster, Laird, and Rubin first introduced the Expectation-Maximization (EM) algorithm in 

1977 [20]. EM is an algorithm with an iterative method to obtain estimations (expectations), 

and the maximum likelihood function will yield good results. This iterative method will provide 

Maximum Likelihood results, which generate new parameter values, namely mixture weights, 

means, and covariances or standard deviations [21]. There are two stages in each iteration of the 

EM algorithm, namely the expectation stage (E-Step) and the maximization stage (M-Step), 

generally explained as follows [22]. 
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1. E-Step 

At this stage, the estimation of the expected value or expectation of a variable is performed 

based on the observed data and known parameters. The E-Step calculates the conditional 

distribution of the variable, known as responsibility, which indicates that each data point in 

the sample originates from each component in the model. 

2. M-Step 

At this stage, the model parameters (mean, covariance, and weights) are updated with the 

aim of maximizing the expected function calculated in the E-Step. The M-Step performs an 

optimization process to obtain the parameter values that can maximize the likelihood 

function while considering the responsibilities. 

5. Region Growing 

Region growing is one of the segmentation techniques that groups pixels or subregions into 

larger areas based on defined criteria. The basic approach starts from a set of initial points [23]. 

After that, the area will grow larger with the addition of adjacent pixels that have similar 

properties to those points. The goal of region-based segmentation is to group several areas or 

objects from an image. 

6. Segmentation using the Gaussian Mixture Model (GMM) method with the 

Expectation-Maximization (EM) algorithm 

At this segmentation stage, GMM parameters are initialized, including determining the number 

of Gaussian components and the mean, covariance, and weight parameters for each component. 

This is followed by the estimation stage using the EM algorithm, which includes calculating the 

responsibility of each data point/pixel toward each Gaussian component and updating the mean, 

covariance, and weight parameters. This estimation stage is carried out until the model has 

converged. Model convergence is considered based on the difference in log-likelihood from the 

models obtained from two consecutive iterations [24]. If the difference in log-likelihood is 

greater than the threshold value, then the last model is still not converged, and the next iteration 

continues. Conversely, if the difference in log-likelihood is less than the threshold, then the 

model has converged. When the model has converged, the next step is to determine the clusters 

based on the Gaussian distribution obtained from the GMM. This separation is determined based 

on the highest probability that each pixel has of being part of the cluster, resulting in a segmented 

image. 

7. Segmentation with the Region Growing Method 

After image segmentation using the GMM method, the image undergoes further segmentation 

using the region-growing method. In this method, there are two important aspects, namely the 

initialization of the starting point or seed and the determination of the threshold. A seed is a 

point that serves as the starting point, which then develops into a region or object based on the 

similarity of pixel intensity criteria through a threshold value [23]. In determining the seed point, 
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the aspects that need to be analyzed are motion extraction and color feature extraction on the 

original image. 

Figure 3 presents the research flow, which serves as a guideline for implementing this study and 

systematically represents each stage of the research. 

 

Figure 3. Research Flowchart 
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III. RESULTS AND DISCUSSION 

The input data is video, which is then converted into a series of static images, also known as 

frames. After the frames are obtained, the frame format is converted from RGB to grayscale, 

and the frames are resized to 450x800 (videos 1 and 2) and 600x800 (video 3). These steps are 

part of the preprocessing stage. Figure 4(b) shows the result of the preprocessing stage. 

  
(a) (b) 

Figure 4. (a) Original Frame, and (b) Frame After Resizing and Grayscaling 

The preprocessing stage is the phase carried out to convert the input video into a format that is 

more ready to be processed and analyzed in the processing stage. The first process carried out 

at this stage is the conversion of the video into a dataframe or a series of static images. After 

that, the images are resized to 450x800 (for videos 1 and 2) and 600x800 (for video 3), with the 

aim of speeding up processing time, making the resizing step optional. 

The final process in preprocessing is converting the RGB image format, which consists of 3 

color components (red, green, and blue), into grayscale, as shown in Figure 6(c), with the aim 

of simplifying the segmentation process. Thus, each pixel only has 1 grayscale value. The 

grayscale value of each pixel in the image, as seen in Figure 5(b), will be used in the next process. 

 
(a) (b) 

Figure 5. (a) Image, and (b) Gray Level 

The next stage is processing. The process carried out at this stage is image segmentation, so that 

the smoke object in the image is identified. The method used for image segmentation is region 

growing. This method has several advantages, including good segmentation capability, 

adaptability to intensity variations, fast performance, and minimal user interaction (only 
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requiring the initialization of initial parameters). However, using region growing as a single 

method in the smoke detection algorithm has not yet provided the best results, as seen in Figure 

6(b). Therefore, a segmentation method that can be combined with region growing is needed so 

that the output is better than the single method. 

   
(a) (b) (c) 

Figure 6. (a) Original Image, (b) Example of Single Method Image Segmentation Results, 

and (c) Example of Multiphase Segmentation Method Segmentation Results 

In this study, image segmentation methods are combined with region growing, including 

methods with a Rough Set Theory approach, K-Means clustering method, and GMM method. 

The computation time for each method and the image segmentation results can be seen in Tables 

1 and 2. 

Table 1. Comparison of Computation Time (s) for Each Method 

Rough Set Theory K-Means Clustering Gaussian Mixture Model 

10.342278 3.534549 6.265866 

9.748589 3.020081 3.275393 

9.875349 3.473774 5.687795 

Table 2. Image Segmentation Results 

Original Image Rough Set Theory K-Means Clustering 
Gaussian Mixture 

Model 

    

    

    

Tables 1 and 2 show the image segmentation results along with the computation time required 

by the three methods. In terms of computation time, the K-Means method excels, but the 

segmentation results are unstable in several trials, as seen in Table 2. Meanwhile, Table 1 also 
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shows that the Rough Set Theory method requires a considerable amount of computation time. 

Therefore, this research combines the GMM method and region growing to detect smoke in 

digital images. 

Table 3. Image Segmentation Results Using the GMM Method and Computation Time with 

the Number of Gaussian Components 3, 4, and 5 

Number of Components Output Computation Time (s) 

5 

 

4.234331 

4 

 

2.092062 

3 

 

1.215389 

Table 3 shows that the GMM segmentation results with 3 components are not good enough for 

clustering, especially the smoke objects in the image, while 5 components yield good results, 

but the computation time is longer. Therefore, the number of components used is 4. 
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Table 4. GMM Stage Segmentation Results and GMM Segmentation Results and Region 

Growing 

Data Original Image 
GMM Segmentation 

Results 

GMM and RG 

Segmentation Results 

Video I 

 

 
  

Video II 
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Data Original Image 
GMM Segmentation 

Results 

GMM and RG 

Segmentation Results 

Video III 

   

There are two segmentation stages to detect smoke objects in the image, namely, the GMM 

method segmentation stage, followed by the region-growing method segmentation stage. The 

GMM segmentation results can be seen in Figure 7. 

 

Figure 7. GMM Segmentation Results 

After the region-growing segmentation stage is complete, the next step is to build the output 

image in the form of a segmented smoke image, where pixels with a value of 1 will be white 

and indicate the smoke area, while pixels with a value of 0 will be black and indicate objects 

other than smoke or the background, as shown in Figure 8. 

 

Figure 8. Final Result of Smoke Detection Algorithm 
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IV. CONCLUSION 

This research aims to develop a smoke detection algorithm within a fire detection system. The 

proposed algorithm combines two segmentation methods, namely, the Gaussian Mixture Model 

(GMM) and region growing. Experimental results show that the combination of GMM 

segmentation and region growing is capable of producing good smoke detection. In the 

application of the smoke detection algorithm, GMM segmentation is iteratively applied to group 

the elements of each pixel in the grayscale image into four clusters so that the elements 

representing the smoke object will be in a separate cluster from the other elements. Thus, it will 

facilitate the smoke detection process in the next step. Meanwhile, the region growing method 

is applied to identify areas that potentially contain smoke in the image and are designated as 

seeds, which are then expanded based on specified criteria. In this case, the region growth 

criterion is the similarity of the cluster of neighboring elements with the seed; if the neighboring 

pixels belong to the same cluster, then those pixels join the seed to form a growing region. 

Visually, the proposed algorithm can detect smoke objects. However, further testing and 

validation are still needed on a larger scale and in more realistic environmental conditions. Field 

data acquisition involving real fire situations can provide valuable insights into the algorithm's 

performance in real-world scenarios. 
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