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Abstract 

In this paper, a fast smoke image detection algorithm is proposed to 
extract smoke features of fire.  The irregular shapes and color 
variation of smoke, makes it challenging to detect smoke accurately. 
The situation is even more complicated in complex sites like forests, 
where traditional smoke sensors are hard to install and have 
difficulty detecting smoke. Hence, the power of image processing is 
utilized. We propose a parallelized smoke image detection algorithm 
for the original algorithm in [1]. The new algorithm relies on 
dividing the received images into segments and analyzing these 
segments using multi-threading techniques. Parallelism is utilized at 
both the macro and micro levels. One thread is created to handle 
each received image from the area under surveillance. Concurrently, 
multiple threads are generated to analyze each image independently 
from the other received images. Various detection experiments are 
conducted, and the results show that the proposed algorithm is able 
to enhance the detection speed without compromising the detection 
accuracy. Compared with the original algorithm, the proposed 
algorithm operates with higher speed, making it suitable for 
monitoring more complex and secure environments.  

Keywords: Image processing, multi-core processors, parallel computing, smoke 
detection. 

1      Introduction 

In the past decade, many early fire detection solutions have been developed to 

avoid or even minimize the destruction that fire may cause in indoor or outdoor 

environments. The destruction might not only affect the particular site; it may also 

have a severe economic impact or, most importantly, put human lives at risk. 

Many of the common early fire detection solutions rely on detecting physical 

smoke particles using sensors [2-5]. However, sensor-based solutions are only 

suitable for indoor applications and require a prediction on the possible source of 

fires in order to place the sensors close to these sources. 
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Alternatively, multiple image-based detection algorithms are proposed to support 

both indoor and outdoor environments. These algorithms offer an effective 

alternative to detecting smoke, and they are developed to detect smoke in captured 

images using various image processing techniques. However, recognizing the 

visual characteristics of smoke in high-quality images received in real-time 

fashion is considered challenging. This process requires utilizing computation 

resources to execute a massive amount of processing on the received images from 

the site under surveillance. 

In this paper, we present a parallelized version of the image-based smoke 

detection algorithm found in [1]. The original algorithm is designed to support 

sequential processing that includes target extraction, color analysis, and 

subtracting image blocks. The algorithm shows high accuracy in detecting smoke 

in both indoor and outdoor environments using colored digital images. Therefore, 

our proposed parallelized algorithm focuses on the performance aspect of the 

algorithm by presenting a new multi-threading model that works to support 

various level of parallelism. Our technique allows for a greater level of control 

over the parallelized tasks. The tasks are designed to support multiple operations 

independently, assuring a higher level of parallelism. Our parallelized algorithm is 

also designed to consider the utilization of multi-core architecture available in 

current common processors in the market. Such capabilities enable our algorithm 

to work efficiently on commonly used computing devices and does not require 

any additional hardware as shown in many other domains [6-9]. 

The rest of the paper is organized as such: section 2 depicts the survey on related 

works; section 3 reviews the sequential original algorithm; section 4 presents the 

proposed parallelized smoke image detection algorithm; and section 5 illustrates 

an experimental result, followed by the conclusion with future Scope. 

 

2      Related Work 

Several methods are proposed to detect smoke based on image processing 

techniques. Some of these techniques are based on basic image processing 

methods (e.g. filtering, masking, color analysis, etc.) as in [10-17], clustering 

techniques [18], fuzzy logic [19], neural networks [20], and machine learning 

[21]. However, in this section, we will review the methods in the field of parallel 

computing that are developed to support smoke detection algorithms. 

The research in [22] presents a parallel algorithm for smoke detection based on 

Convolutional Neural Networks (CNN). This algorithm utilizes negative and 

large-scale smoke/fire videos of both indoor and outdoor environments. For the 

real-time detection of smoke, the algorithm named YOLOv2 is developed. This 

algorithm enhances the resolution of the image output by removing one pooling 

layer for smoke detection. Data and other computational problems in the research 
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are resolved with the help of a parallel computing toolbox along with a GPU and a 

multi-core processor. The proposed detection method and algorithm in this 

research stands out for its real-time, accurate performance and low-latency as 

compared to other traditional methods of smoke detection. 

The author in [23] proposes a smoke detection algorithm suitable for urban areas. 

The algorithm is supported by the CUDA toolkit to accelerate compute-intensive 

application. This algorithm involves image acquisition, smoothing, and threshold 

running in the GPU for detecting the smoke, allowing the algorithm to detect 

smoke in real time. With the help of the NVidia GPU and CUDA, the proposed 

algorithm is parallelized to achieve the speedup of about 83%. However, for 

parallel computing, CUDA streams are not explored to acquire the real-time 

efficiency of the outcome. 

Another research study in [24] utilizes parallel computing techniques in image-

based smoke detection. This method analyzes the roughness of boundaries and the 

density of edge pixels in the image. Rigid moving objects are distinguished from 

fluid smoke regions by making a comparison between previous and current 

frames. The underlying structure of the method is based on parallel computing 

using GPUs and the CUDA toolkit, enabling the method to acquire fast processing 

for both high- and low-resolution video frames. 

3      Sequential Smoke Image Detection Algorithm 

In this section, we briefly review the basic components of the original sequential 

image smoke detection algorithm [1]. The algorithm performs two core processes: 

target extraction and color analysis. The process starts upon receiving real-time 

images from the area under surveillance through a process called the Target 

Extractor (TE). This process extracts the target blocks which might be a candidate 

for smoke block based on the smoke-free base image of the site. The internal 

structure of the TE is illustrated in Figure. 1. 
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Figure 1. The internal structure of TE Component [1] 
 

After that, the Color Analysis (CA) process is initiated by masking the newly 

received images to compare their overall intensity against the base image. The CA 

aims to separate the RGB blocks and examine the standard deviation of the three 

mean values of the extracted blocks. This process is followed by a curve fitting 

process that is applied over the block intensity of both the base image and the 

current image received from the site. Consequently, the final decision on whether 

smoke is detected or not is based on the difference between the fitted curves of 

both images. 

4      Parallel Smoke Image Detection Algorithm 

The proposed parallel smoke detection algorithm is designed based on intensive 

analysis of the original sequential analysis. The parallelized algorithm is carefully 

designed to avoid violating the core processes of the sequential algorithm and to 

assure the same level of detection accuracy. Figure 2 illustrates the sequential 

nature of the internal design of the original algorithm. The design shows that 

image i is processed using n operations over all m blocks at time t. 
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Figure 2. The sequential structure of the smoke detection algorithm 
 

To parallelize these processes, we redesigned the internal components of the 

sequential algorithm to support parallelism. Our new algorithm is designed to 

offer the highest possible utilization of the available computation resources 

available at the users’ machine as presented in Figure 3. The Machine Cores 

Detector starts by detecting the number of cores available in the running 

processor. This step initiates the macro level of parallelism, where T threads are 

generated and associated with C Cores (i.e. P = C). 
 

 

 

Figure 3. The sequential structure of the smoke detection algorithm 
 

Each thread is responsible for processing one image i at time t. For instance, if we 

run our algorithm on a quad-core processor, the algorithm generates four threads 

to process four images at four cores concurrently. Note that one thread is also 

generated to process the base image and stores its attributes in the corresponding 

database. This is a one-time process that is needed at the very beginning stages to 

enable the algorithm to compare the attributes of the newly captured images 

against the base image’s attributes. 
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The second dimension of parallelism is designed to support parallelizing the 

micro operations carried out for processing image i. These operations aim to 

generate attributes of the image by extracting the target blocks, analyzing the 

colors, calculating standard deviation, and comparing the fitting curve against the 

base image stored in the database. Initially, each image i is divided to four blocks, 

and each block is handled by a separate thread ti. Accordingly, each received 

image is managed by four separate threads as illustrated in Figure 4. 
 

 

Figure 4. Multi-threading model to process each received image 
 

The micro-parallelism design helps the algorithm to complete the analysis of each 

part of the image independently and in less processing time. Each thread executes 

the same set of operations over each part of the image and compares the fitting 

curve of that particular part against the corresponding part of the base image in the 

database. This process does not require any intercommunication between the 

threads, as each thread works on its own resources and generates its own decision. 

However, the final decision of whether the smoke is present or not is based on the 

existence of smoke in any of the image’s parts. 

The design of the algorithm is adaptive to work on any machine and to generate 

threads based on the available cores in that machine. Such an adaptive design 

allows the algorithm to fully utilize the available computing resources. In 

addition, the threads are controlled efficiently to avoid any communication 

between the threads at both the macro and micro levels. 

5      Results and Discussions 

Our proposed algorithm is initially tested against the same set of images used for 

testing the original sequential algorithm [1] using the images found in [25]. This is 

to examine the impact of the new parallel structure on the accuracy of smoke 

detection. The base image is divided into four parts and internal operations are 

applied. The generated attributes of the base image are then stored in the database 

for further comparison against the attributes of the new images received from the 

area under surveillance. Figure 5-A shows one of the smoke images used in our 
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experiment, while Figure 5-B presents the intensity of the image before applying 

the curve fitting process. 
 

 

Figure 5. The newly received-image (A) and its intensity (B) before applying 

curve fitting 
 

Consequently, a mask is applied over the captured image to study the intensity of 

the image’s blocks. Figure 6 shows the resulted masked image (6-A) and its 

corresponding intensity (6-B). The resulting image clearly identifies the smoke 

blocks in the image. 
 

 

Figure 6. The masked received-image (A) and its intensity (B) after applying 

curve fitting 
 

The decision of whether smoke is present or not is formulated based on the 

comparisons between the two fitted curves of both the base and current images. 

The set of images used in our experiment is shown in Figure 7. The testing results 

over the set of images show that our method is able to detect the smoke blocks in 

most of the images similarly to the achieved results in [1].  
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Figure 7. The smoke (A-C) and non-smoke (D-F) images used in our experiment 

 

Figure 8(A-C) show that the masked blocked are recognized as smock blocks, 

while Figure 8(D-F) show that the masked grey-level blocks are not recognized as 

smoke. These findings prove that our parallelized structure does not compromise 

the detection quality nor the accuracy of the original algorithm. 

It is noticeable that our parallelized algorithm is able to identify candidate smoke 

blocks effectively, as illustrated in Figure 8. Similar to the original sequential 

detection algorithm, our algorithm produces false alarm on some non-smoke 

images. We run our experiment on over 300 images. The results show that the 

detection rate is 94.7%, which makes it 0.4% less accurate compared to the 

sequential version. 

In terms of performance, our method is tested on two different computing 

machines. The first machine has Core i7 processor (dual-core processor) of 

2.8GHz, a memory RAM of 3 GB, and a hard disk of 80 GB. This machine is 

denoted as DCM. The second machine has Core i7 processor (quad-core 

processor) of 1.8GHz, a memory RAM of 16 GB, and a hard disk of 1 TB. This 

machine is denoted as QCM. Our parallelized algorithm (denoted as P-Algorithm) 

is tested on the aforementioned machines, and the results are compared against the 

sequential algorithm (denoted as S-Algorithm). 

   

A. Smoke Image B. Smoke Image C. Smoke Image 

   

D. None Smoke Image E. None Smoke Image F. None Smoke Image 
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Figure 8. Smoke (A1-C1) and non-smoke (D1-F1) images and their 

corresponding masking (A2-F2) 

 

Results in Figures 9 and 10 show that the S-Algorithm is not fully utilizing the 

extra processing units available in QCM compared to the performance gained on 

DCM. The average enhancement ratio is found to be 14.69% when tested on 

QCM. This is due to the sequential structure of S-Algorithm that is not capable of 

splitting tasks among the available cores in the machine. 

 

 

   

A.1 Smoke Image B.1 Smoke Image C.1 Smoke Image 

   

A.2 detected smoke blocks 

of A.1 

B.2 detected smoke blocks 

of B.1 

C.2 detected smoke blocks 

of C.1 

   

D.1 None Smoke Image E.1 None Smoke Image F.1 None Smoke Image 

   

D.2 detected blocks of D.1 E.2 detected blocks of E.1 F.2 detected blocks of F.1 
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Figure 9. Performance of S-Algorithm on DCM and QCM 

 

 

Figure 10. Enhancement ratio achieved by S-Algorithm on QCM compared to 

DCM 
 

In contrast, P-Algorithm shows a greater utilization of the extra cores available on 

QCM and DCM. Results in Figures 11 and 12 show that processing time of 

images decreased significantly on DCM and QCM. 
 

 

Figure 11. Performance of P-Algorithm on DCM 
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Figure 12. Performance of P-Algorithm on QCM 
 

As our parallelized algorithm supports running multiple threads concurrently, the 

utilization of the extra four cores in QCM is maximized. Experimental results 

show that the average enhancement ratio in the processing time is found to be 

33.37% on DCM compared to the S-Algorithm, and 55.91% on QCM. This makes 

the performance gap between the S-Algorithm and P-Algorithm too big, as the S-

Algorithm could achieve only 14.69% enhancement on QCM compared to DCM. 

Figures 13 and 14 illustrate the performance of both the S-Algorithm and P-

Algorithm and their enhancement ratios achieved upon running both algorithms 

on DCM and QCM respectively. 

 

 

Figure 13. Performance of S-Algorithm and P-Algorithm on DCM and QCM 
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Figure 14. Enhancement ratios achieved by S-Algorithm and P-Algorithm on 

DCM and QCM 
 

In conclusion, experimental tests show that the performance of the parallel smoke 

detection algorithm outperforms the original sequential algorithm. The multi-

threading scheme implemented in our algorithm played a pivotal role in this 

achievement. The components of our algorithm are designed to operate 

independently, which allowed the algorithm to process 2 and 4 concurrent images 

on DCM and QCM respectively. 

6      Conclusion  

Sensor-based smoke detection methods are efficient for specific indoor 

applications. Researchers have proposed several alternative methods based on 

image processing techniques. Most of these alternatives show high accuracy in 

detecting smoke in outdoor environments. However, processing images in real 

time is challenging, as it requires extensive analysis in a short period of time [26-

27]. From the structural point of view, the existing techniques are designed to 

operate sequentially. This leads to less utilization of existing computing power as 

in multi-core processors. 

To overcome this performance issue, we propose a parallelized smoke detection 

algorithm based on the original sequential algorithm presented in [1]. The 

algorithm generates multiple threads to perform independent operations on the 

multi-core processor available in the computing machine. The received image 

from the site under monitoring is divided into four parts. Each part is then 

associated with a separate thread to execute a set of image processing operations. 

The analyzed results of each part are then compared against the base image’s 

attributes stored in the database. 
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Results show that parallelism had a positive impact on the overall performance of 

smoke detection. The parallel detection algorithm is able to process more images 

at one time, which makes it suitable for monitoring highly sensitive sites. 
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