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ARTICLE INFORMATION ABSTRACT
Fire outbreaks are great threat to human beings, economic infrastructure, and the

) environment. This led to the need for timely and accurate detection of fire incidents to
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outdoor applications. To address the shortcomings of such sensor-based methods,

Keywords: several image processing and computer vision approaches to fire detection have been

LPG: | proposed. However, these image processing and computer vision-based solutions are

s'ar Iwz‘lre accelerator implemented in software platforms which have disadvantages of inefficiency, high
imulation

. hardware requirements and high cost. In this research work, an embedded hardware
Image processing

. . accelerator for vision-based fire detection was designed and implemented in Kintex-7
Fire detection

series Field Programmable Gate Array (FPGA). MATLAB R202 | a software was used for
decoding the image dataset into pixel stream data. The design was captured in very
high-speed integrated circuit HDL (VHDL). The design was synthesized with Xilinx
Vivado 2021 design suite and simulated with Xilinx ISIM. Evaluation results showed that
the accelerator could achieve good detection of fire features and were consistent with
the results from MATLAB code running on personal computer. Compared to software
implementation, the latency, resource utilization and power consumption was greatly
reduced. It was also found that the hardware accelerator which was developed as an
Intellectual Property (IP) core can also be employed to speed up grayscale conversion,
edge detection and thresholding algorithms in embedded vision, smart camera and video
analytics applications.

© 2025 Faculty of Engineering, University of Maiduguri, Nigeria. All rights reserved.

1.0 Introduction

Fire emergencies are leading to huge human loss, massive infrastructure damage and serious environmental
degradation around the world. For instance, the Kano State Fire Service records that 134 human lives and
635-million-naira assets were lost due to fire outbreaks in the state between January 2021 to December 2021.
Another fire event was also reported at Sabon Gari Market in Kano City in which properties and shops worth
millions of Naira were lost and took more than 10 hours to be put out completely by the Kano State Fire
Service team. Report from News Agency of Nigeria (NAN) on 23 May 2021, showed that not less than 64
people, including eight fire fighters, got different degrees of injuries from a petroleum tanker explosion at a
filling station in Sharada area of Kano State (Hassan & Audu, 2022; Rabiu, 2022). This necessitates the need
for timely and accurate fire detection systems to minimize their catastrophic impact of fire disasters. But
majority of existing fire detection systems are electronic sensor based and have problems of transport delay,
conduction delay, limited detection range, high false alarm, inappropriate for outdoor applications and lack of
capability to give rich additional information on location, growth rate, size of the fire incidents. (Hassan &
Audu, 2022; Rabiu, 2022; Soldrzano et al.,, 2022; Wang et al., 2020). Several image processing and computer
vision-based methods have been proposed to solve the problems of such sensor-based methods. However,
majority of these image processing and computer vision-based approaches were implemented in software
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which as a result have disadvantages of high hardware requirement, high cost and inefficiency (Abid et al.,
2021; Choudhuri & Roy, 2016; Liu et al., 2020).

The above problems can be effectively using hardware acceleration technology platforms such as FPGA. FPGA
has inherent advantages of latency and higher energy consumption for streaming computing tasks.
Furthermore, FPGA has high flexibility which can change hardware algorithms and chip functions to facilitate
algorithm and function verification (Hassan et al., 2024).

This paper aims to propose FPGA hardware accelerator for vision-based fire detection applications
implemented in VIVADO and MATLAB environments. The hardware accelerator consists of an image
decoding module, grayscale conversion module, edge detection module and fire pixel classification module.
The remaining part of this paper is organized as follows. Section 2 presents review of related works
methodology. Section 3 presents the methodology. Results and discussion are provided in section 4. Finally, a
conclusion and future direction is presented in section 4.

Several image processing and computer vision approaches to fire detection have been proposed. Authors in
(Pritam & Dewan, 2017) proposed fire detection system based on LUV color space and hybrid transforms.
Video frames captured are read and are segmented. All frames are analyzed to confirm the presence of fire.
Fire is detected by the presence of fire pixels in the image. Fire pixels are recognized using the features of
LUV color space and hybrid transforms. Edge detection algorithm is employed to extract the edges of the
image when flame color detects existence of fire. Image segmentation methods are employed to extract the
fire region of interest from the background. An algorithm for smoke detection based on simplified descriptors
of video information is proposed by (Monte et al., 2017). Firstly, the descriptors of the scene on every frame
are obtained. The inference processes of smoke presence are input by the descriptors and background
estimation, which is updated with every frame. A group of classifiers perform the smoke inference process.
The fusion outcomes of these classifiers provide a reliable detection. Simple Boolean logic combines the
process outcomes, with minimum and maximum threshold values. The proposed approach is simple and
efficient for deployment on computationally low embedded applications for real-time surveillance.

Researchers in Vijayalakshmi & Muruganand, (2018) proposed an effective smoke detection approach in video
images for early fire emergency systems. The proposed algorithm uses fuzzy c-means clustering and
background subtraction to segment smoke region of interest from moving regions. Result obtained show that
the algorithm outperforms other algorithms and increase the accuracy smoke detection. However, the
algorithm is not tested on large variety of dataset and the performance still can be improved because it is only
based on motion segmentation. Zhang et al. (2017) developed a method for smoke detection in videos. The
proposed algorithm employs two key features of smoke to detect it. Visual background extractor (ViBE) is
employed to segment moving objects in static scene. The atmospheric model is used to detect semi-
transparent feature of smoke. The similarity between extracted regions and original background regions in
the same position is computed using normalized cross correlation and the value of the original background is
chosen from the frame that is nearest to the current frame. The blocks with high similarity are identified as
smoke parts. Experiment results demonstrate that the algorithm can recognize fire and integrated into
surveillance system. Authors in Huang et al., (2017) proposed an algorithm for video-based smoke detection
in low illumination indoor environment using support vector machine. The smoke region is extracted and then
the area diffusion and main direction of movement of smoke region are selected as the dynamic features and
texture is extracted as the static feature to recognize fire smoke in low-light indoor scene. Support vector
machine is employed to design the classifier to realize smoke detection.

An effective method for real-time fire detection based on video processing is proposed by (Khan et al., 2019).
The proposed method employs flame color and spatial-temporal features to detect fire regions. Firstly, fire
color pixels are segmented using a set of improved rules based on RGB color space. The foreground is
segmented based on change in blue component trained using neural network. Lastly, the region of interest is
extracted using growing area analysis. Authors in Yang et al,, (2018) proposed technique for video-based
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smoke detection by combining Gaussian Mixture Model (GMM) and HSV color model with the deep
convolutional neural network. First, each frame is divided into 10-by-10 sub-images by the method. Secondly,
Gaussian Mixture Model is employed to extract the motion region and later the sub-images block which
contains the moving region is segmented. Then, the motion blocks segmented by the GMM is used to extract
target smoke blocks successively using HSV color feature analysis. Zeng et al. (2018) proposed an effective
method for smoke detection based on automatic vision system. The method employs an adaptive background
subtraction technique to segment moving regions. Non-smoke regions are extracted out by employing color
feature and fuzzification. Regions that satisfy both the color analysis and fuzzification criteria are classified as
candidate smoke regions. In (Kaabi et al., 2018), a novel approach for video-based smoke detection based on
machine learning approach to overcome forest wildfires was proposed. Firstly, the video is divided into frames
for training with deep belief network. In addition, Gaussian Mixture Model is employed to segment candidate
regions from the target smoke video to be trained by using Deep Belief Network. Logistic regression is used
to classify on the output data. Researchers in (Xie et al., 2020), proposed a method that employs the motion-
flicker based dynamic features and deep static features for video-based fire detection. First, the dynamic
features are segmented by, analyzing the differences in motion and flicker features between fire and non-fire
objects in video scenes. Second, an adaptive lightweight convolutional neural network is proposed to segment
the deep static features of fire. Zhang et al., (2021) developed an effective asymmetric encoder-decoder U-
shape architecture based on Squeeze Net, Attention U-Net and Squeeze Net performs most of the time as
an extractor and a discriminator of forest fire. The model uses attention mechanism to extract useful features
and suppress non-related features by embedding Attention Gate (AG) units in the skip connection of U-shape
structure.

A robust algorithm based on information on color and shape was proposed by (Rabiu, 2022). The algorithm
starts with loading video image database developed to detect presence or absence of fire in video frames.
Background subtraction is used by this method to compare the current frame with the reference frame. When
the outcome of the background subtraction is less than the set point, the frame is discarded, and the next
frame is checked. But if the difference is equal or greater than the set point, the frame is then subjected to
color and shape test. This is achieved by employing combined RGB color space model and shape feature. The
proposed algorithm was extremely robust in detecting fire compared to those algorithms based on color or
motion features.

2. Materials and Methods

The architecture of the FPGA hardware accelerator is presented in this section. It mainly consists of image
decoding module, grayscale image conversion module, Sobel edge detection and fire pixel classification module.
Modular and hierarchical approach was adopted for this design and the model was captured using VHDL.
VHDL was used in view of its strength in paper documentation. The block diagram of the hardware accelerator
is depicted in Figure I.

g Image Grayscale image Sobel Edge
% .
% T Decoder converter Detec| pr

Fire Pixel Classifier “

Figure |: Block Diagram of the Hardware Accelerator.
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2.1 Image Decoding

Video dataset used in this work was obtained from VisiFire database which is a commonly used public video
dataset for fire and smoke detection (Hassan et al., 2024). Edge pixel features are used in classifying objects
into fire or non-fire classes, because edges preserve structural information of objects.
The FPGA accelerator read video frames from Block RAM and convert the images into streams of pixel data
for pixel streaming computation after obtaining average RGB pixel values in MATLAB. The pseudocode for
converting video data in frames is shown as follows.

Pseudocode for Video Frames conversion.
I: READ video data stream:
2: COMPUTE number of frames in the video stream;
3:FORi=1:2:n
CONVERT video stream into frames
SAVE frames
4: END.
Then we computed the respective average RGB values to obtain representative video frames for pixel stream
data generation. The Pseudocode for image decoding into pixel streams is depicted as follows.
Pseudocode for Image Decoding.
I: READ video frames:
2: COMPUTE number of frames;
3: FOR k = I: numFrames
DECODE frames into pixel stream
SAVE pixel stream
4: END.
The algorithmic state machine (ASM) chart for the image decoding into pixel streams is illustrated in Figure2.
It describes how the image decoding module reads and convert video frames from memory to generate the
pixel streams.

St_Rst P Qoo
Input Reset
St_OpenFile 001
- !-_,___\_
ﬁiﬁxﬁum =q 10
{ Dpen RAM_R, RAM_G, Fuu_st‘!

St_ReadFile 010
N
0 T
~ tReady=1__
0 1
< EOF =1 /_,:-——l
ra T,
[ Read RAM_R, RAM_G, RAM_B |
St_CloseFile 011 St TxData 100
| close RAM_R. RAM_G, Ram_B | I | Transmit RData, GData, BData
| |

Figure 2: ASM chart for Image Pixel Generation.

2.2 Gray Scale Image Conversion

The RGB image pixel data was converted to grey scale image for easy computation which is expressed
as given by in equation ().
Y = 0.299R + 0.587G + 0.1 (N
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For the hardware implementation, we avoided the floating-point multiplications and efficiently computed the

grayscale value of the pixel as given by in equation (2).
Y= 0.299R + 0.587G + 0.1 14B = 222F* 610;;46 +117xB 2

Figure 3.3 illustrates the architecture of the RGB to Gray scale image converter.
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Figure 3. Architecture of the RGB to Grayscale Image Converter

2.3 Sobel Edge Detection

The Sobel edge detection module is responsible for extracting and classifying object edges. It also writes the
result the detected edges array into the fire pixel classification module. Sobel edge detection is a classical
algorithm in the field of image and video processing for the extraction of object edges. Edge detection using
Sobel operators works on the premise of computing an estimate of the first derivative of an image to extract
edge information. By computing the x and y direction derivatives of a specific pixel against a neighbourhood
of surrounding pixels, it is possible to extract the boundary between two distinct elements in an image. The
operator consists of a pair of 3 by 3 convolution kernels as shown in equation (3). one kernel is simply the
other rotated by 90 degrees.

-1 0 1 1 2 1
Ge=|-2 0 2|+4 G,=|0 0 0|4 3)
-1 0 1 -1 -2 -2

Where A is the input image, Gx, Gy are images where each point represents the approximate derivatives
along the x and y axes.
We assume that the original image is given by in equation (3.4).
fx=1y-1) flx,y-1) fx+Ly-1)
fx=1y) fxy) f(x+1y) (4)
fx-1Ly+1) f(x,y+1) f(x+1Ly+1)
The vertical and horizontal gradients of the Sobel operators are Gx and Gy, which denote the gray level of
the edge detection image in vertical and horizontal directions respectively which are computed as given by
(Zhang, 2018) in equation (5) and (6)
Gy =Sobel, xA=f(x+1Ly—-1D+2f(x+1L,y)+f(x+1,y+1)
—flx+Ly—-1) =2f(x-1Ly)-f(x—-Ly+1) (5)

Gy = Sobel, xA=f(x—1Ly+D+2f(x,y+ D+ flx+1Ly+1)

—fa-1y-1) —2fx-1y)~ f(x+1y—1) (6)
These kernels are designed to respond maximally to edges running vertically and horizontally relative to the
pixel grid, one kernel for each of the two perpendicular orientations. The approximate gradient value of
brightness can be obtained by element-wise summation of the resulting images given by in equation (7).

G| = J16x? + Gy?] (7)

Typically, an approximate magnitude is computed using equation (3.8) .
G| = Gx| + |Gyl (8)

2.4 Fire Pixel Classification
In this research work, we employed thresholding-based technique to detect fire edge pixels which are
expressed as given by in equation (9)
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Fire, 1 x,y)=TH
g@xy) = {Not Fire, Ot]lcle];‘(wiile) ®)
Where f(x, y) is the input image and TH is the threshold value.
The threshold value was determined using the Otsu’s method which is used to perform automatic image
thresholding in computer vision and image processing. The pseudocode for the Otsu method is given as
follows.
Pseudocode for Otsu Method
I: COMPUTE the normalized histogram of the input image.
2: COMPUTE the cumulative mean.
3: COMPUTE the global intensity mean.
4: COMPUTE the between-class variance.
5: OBTAIN the optimum threshold.
6: SEGMENT the image using the threshold.

3. Results and Discussion
The results of the actual design of the FPGA hardware accelerator are first presented by examining the
synthesis and the simulation results.

3.1 Synthesis

The hardware was synthesized with Xilinx Vivado 2021.1 design suite and simulated using Xilinx ISIM. Test
benches were used to verify the functionality of the design, which was implemented in Kintex-7 series FPGA
by using Xilinx configuration tools. The device utilization summary for the targeted Kintex-7 is shown in
Figure 4.

Overview | Dashboard

Synthesis Implementation Summary | Route Status
Status: £ Complete Status: £ Complete
Messages: 4 critical warnings Messages: 4 critical warnings
4 warnings 6 warnings
Part: xcTK70tfove76-1 Part: xcTK70tfove76-1
Strategy: Vivado Synthesis Defaults Strategy: Vivado Implementation Defaults
Report Strategy: Vivado Synthesis Default Reports Report Strategy: Vivado Implementation Default Reports
Incremental synthesis: None Incremental implementation None
DRC Violations Timing Setup | Hold | Pulse Width
Summary: 2 critical warnings ‘Worst Pulse Width Slack (WPWS): NA
8 warnings Total Pulse Width Negative Slack (TPWS): NA
Implemented DRC Report Number of Failing Endpoints: NA
Total Number of Endpoints: NA

Implemented Timing Report

Utilization Post-Synthesis | Post-lmplementation Power Summary | On-Chip
Graph | Table Total On-Chip Power: 97.092 W (Junction temp exceeded!)
Junction Temperature: 125.0 °C
LuT 15%
DSP 1% Thermal Margin: -122.8 °C (-64.5 W)
1 2% Effective BJA: 1.9 °C/W
0 25 50 75 100 Power supplied to off-chip devices: 0W
Utilization (%) Confidence level Low

Project Summary x Device x ?

Figure 4: Device Utilization summary

It is evidently clear from the summary that some ports of the devices were not efficiently utilized, especially
the number of DSPs. The motivation behind the use of Kintex-7 was because it is robust, highly reconfigurable
and have lower power consumption. The input/output lines were large due to the high level of parallelism of
the design, which generally enhanced the speed of operation of the device at the expense of area or huge
number of primitives employed.
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3.2 Verification of Results
The test benches used to verify the functionality of the design is shown in the Appendix. The FIRESourceSignal
entity was instantiated to provide RGB image data. The test stimuli were driven to the FIRESourceSignal inputs.
The simulation in Figure 5 shows how the image decoding module read that the RGB image frames
simultaneously from memory and decoded them into pixel stream data array at the rising edge of the clock.

Then the grayscale conversion module read the RGB pixel stream data array and converted into grayscale
image concurrently. The result of the grayscale conversion is depicted in Figure 7. The result of Sobel
Magnitude Computation is depicted in Figure 6 and that of Sobel Square Root Computation is shown in Figure

7.
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Figure 5: Image Pixel Generation Verification Waveforms
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Figure 6: Grayscale Image Conversion Verification Waveforms

Corresponding author’s e-mail address: abubakarhassan@unimaid.edu.ng

114


http://www.azojete.com.ng/
mailto:abubakarhassan@unimaid.edu.ng

Arid Zone Journal of Engineering, Technology and Environment, March 2025; Vol.21(1):108-118. ISSN 1596-2490; e-ISSN2545-5818; www.azojete.com.ng

Name
- I'qlr"'l'q_'l'l.l'nzlILJ':_I (I It P | I

Value

100, 000_ 000 ns

1l0=.

=00000 =

1z0, 0

|..£"+L|

¥ SobelReg
12 SobelMext

» B SobelDatald: 8170
12 SobelGo
14 Gxvalid
14 Gyvalid

» B Gx[31:0]

> B Gy[31:0]

> B GxSqr[31:0]

» B GySqr[31:0]

» B SumGxSqrSySar[21:0]
14 sqrt_done

» B GMagnitude[31:0]

Sobeld
Sobeld

I 3, T T I T T =T r

AR R O r L i R Y i
K R O o o RO O o
241,237,239, ¥ w - W K K
1

é

|
! |
! |
G a K 0 * ]
26 0 K ] )"K 0
36 o I;: u] * 0
G676 o K o :l:: al
712 0 K 7] :l:: 0
1 | I I I N
0oooooo0 aooooooo ;:{_ .- ;:{

Figure 7: Sobel Magnitude Computation Verification Waveforms
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Figure 8: Sobel Square Root Computation Verification Waveforms

3.3 FPGA Resource Utilization

The Hardware accelerator consumes 5% of available LUTs (look up table), 24% of 1O (Input-Output) and 1%
DSPs. The specific hardware utilization in comparison with a similar work by authors in (Choudhuri & Roy,

2016) is presented in Table I. The accelerator has a shorter processing time and operate up to more than

200 MHz.
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Table 1. Resource Utilization and Performance Comparison

Author and Date LUT (%) 1O (%) DSP (%) Latency(ms)
Choudhuri & Roy, | | 7 | 3.2

2016.

Our work 15 24 I 297

It is evident that the FPGA accelerator has efficient resource utilization, and the input/output lines were large
due to the high level of parallelism of the design, which generally enhanced the speed of operation of the
device at the expense of area or huge number of primitives employed. The power consumption of the
hardware accelerator is illustrated in Figure 9. The dynamic power consumption is due to the switching
between digital states and the static power consumption is because of leakages in the circuit.

! Summary
Power analysis from Implemented netlist. Activity derived from constraints On-Chip Power
files, simulation files or vectorless analysis.
Dynamic: 96.062 W 99%
Total On-Chip Power: 97.092 W (Junction temp exceeded!)
33% Signals: 31465 W
Design Power Budget: Mot Specified
o Logic 63.039 W
Power Budget Margin: N/A 99%
i 66% DSP 1.298 W
Junction Temperature: 125.0°C
K ) - 1/O: 0.260 W
Thermal Margin: -122.8°C (-64.5 W)
Effective SJA: 1.9°C/W Device Static: 1.029 W

Power supplied to off-chip devices: 0W

Confidence level: Low

Launch Power Constraint Advisor to find and fix
invalid switching activity

Figure 9. Power Analysis of the Design

4. Conclusion
This research work was embarked upon to develop FPGA hardware accelerator for vision-based fire detection
which could realize the acceleration of image decoding, grayscale conversion and edge detection. The design
was verified and implemented using simulation, synthesis and configuration tools of Xilinx Inc. USA and
MATLAB. The accelerator performs image decoding, grayscale conversion, Sobel edge detection and pixel
thresholding.
The FPGA accelerator was implemented Xilinx kintex-7 FPGA. The evaluation results based on the test
benchmark dataset show that the accelerator could achieve good detection of fire edge features and were
consistent with the processing results of the MATLAB code on personal computer. It consumes 15% Look-
up Table (LUT), 1% Digital Signal Processor (DSP), 24% Input-Output (I0), 92.062W Dynamic and 1.029W
Device Static power. The hardware accelerator which was developed as an Intellectual Property (IP) core can
also be employed to perform image decoding, grayscale conversion, edge detection and thresholding in
embedded vision, smart camera and video analytics applications.
The following areas are recommended for future research.

I) Interfacing camera and display monitor to the hardware accelerator for real-time fire detection.

2) Employing advanced image processing and computer vision algorithms such as running average

background subtraction, canny edge detection, etc.

3) Designing embedded machine learning accelerator for fire outbreak prediction.

4
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