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C UCITOJb30BAHUEM METOJIA OGPABOTKH N30BPAKEHU HA OCHOBE
HEYETKOMH JIOTUKHA

Abstract. Wildfires and the extent of the damage and destruction they leave behind are well known. Due to the
limitations of manual methods for monitoring fires, there is an urgent need to develop automated methods for them.
In recent years, there has been significant development of vision systems for fire detection. This article presents a
method for identifying fire and smoke using fuzzy logic image processing to achieve efficient and early detection of
forest fires. The fuzzy logic-based fire detection method is designed to detect and segment areas of flame and smoke
in visual images captured by a camera on board an unmanned aerial vehicle (UAV). The model has been tested on a
wide range of aerial images containing areas of fire and smoke and has shown good performance up to 95 % accu-
racy.

Keywords: Fuzzy logic, fire detection, image processing, forest fires.

Anoamna. [lana epmmepi dcone onapobiy apmma KanobipeaH 3UsHbl MeH JHCOUbLLY ayKbiMbl bencini. Opmmi daxbi-
JayObly KOIMeH 20icmepiniy wekmeyiepine OAUuIaHbIChbl o1ap YiH a8moMammanobipulizan 20icmepoi a3ipaeyoiy
wyevln Kascemminiei 6ap. CoHebl HCbLIOApsl OpMmi AHLIKMAY YUWiH MEeXHUKATbIK KOpY HCYUeNepiHiy atumapivlKmail
Odamywl baiikanosl. byn makanraoa oana epmmepin muimoi JHcoHe epme AHbIKMAYea KO HCemKizyee apHANeaH aHblK emec
Jl02UKaga He2iz0enzeH KecKiHOi oH0ey apKblLibl Om neH MymiHoi aHblkmay 20ici Oepineen. Bynvinvip nocuxkaza Hezizoen-
2eH opmmi aHblKmay 20ici YuKbiuicol3 yuty annapamoinsiy (Y¥A) 6opmeinda kamepa mycipeen 6uszyaiobl Keckinoep-
oezi dicanvii MeH mymin atiMaxmapuvli GHLIKMAay2a Jicane ceavenmmeyze apranzat. Mooens om new mymin aymagmapbl
6ap aspogpomocypemmepoiny Key ayKbIMbIHOA ColHanean dcane 95% O0andikke Oetlinei OHIMOULIKMI KOpcemmi.

Tyiiin co30ep: Bynviyevip no2uka, opmmi anblkmay, Keckinoi oyoey, opman opmmepi.

Annomauyus. Jlecnvle nosicapol u macumadsl yuwepba u paspyuleHuti, KOmopule OHu 0CMAGIsiom nocie ceos,
Xopouwio usgecmuvl. B cesa3u ¢ oepanuueHusMu pyuHbiX Memooo8 MOHUMOPUH2A HOICAPO8 CYuecmseyem OCmpast
HeoOxX00uMocmy 8 paspabomke O HUX AGMOMAMUIUPOBAHHBIX MeMO0008. B nocneonue 200bl Habawodaemes 3Haqu-
menbHOe pasgumue Cucmem MmexHu4ecko2o 3peHus 0 0OHapycenus noxcapa. B smoii cmamve npedcmaenena me-
Mmoo 0J11 UOeHMUDUKAYUU 02HS U ObIMA C UCNONB308AHUECM 0OPAOOMKU U300PANCEHUL HA OCHOBE HeYemKOll JI02UKU,
NPeOHA3HAYeHHbLIL 0151 OOCIUICEHUsT IPPEeKMUBHO20 U panHe20 0OHAPYICeHUs IeCHbIX nodicapos. Memoo obnapy-
JICEeHUsl NOJICAPA HA OCHOGE HeUemKOU TOSUKU NPEOHA3HAYEH 015 OOHAPYICEHUs U cecMenmayuu obaacmetl niameHu u
OblMA HA GU3YATBHBIX U300PAIICEHUSIX, CHAMBIX KAMEPOU Ha 60pmy OGecnuiomHo20 J1emameibHo20 annapama
(BI1JIA). Mooenv OvLia npomecmuposana Ha 6OILUOM KOIUYECmEe a3p0hOmOCHUMKOS, COOePAHCAUUX VIACKU 02-
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HA U ObIMA, U NOKA3ALA XOpOowiUe pe3yIomamsl ¢ mouHocmuio 00 95 %.
Knroueswie cnosa: Heuémras nocuxa, o6Hapyscenue noxcapa, 0opabomra usoopaxceHutl, 1ecHble noHcapbl.

Introduction. Every year there are many forest fires, devastating millions of hectares of for-
est. In addition to destroying flora and fauna, these fires also destroy infrastructure and, unfor-
tunately, sometimes result in loss of life among firefighters and civilians who may be acci-
dentally surrounded by fire. For countries where forests cover a significant area, such as Ka-
zakhstan, forest fires are a national problem. Although Kazakhstan is a sparsely forested coun-
try, the area of the forest fund (the totality of all forests and forestry lands) is 30.4 million hec-
tares, of which 13.3 million hectares are covered with forests (11% of the country's territory).
Up to 1000 forest fires with a total area of up to 100 thousand hectares are registered annually.
According to the Ministry of the Republic of Kazakhstan, in 2021 alone, about 1000 fires were
registered in Kazakhstan, the material damage from which amounted to more than 6 billion ten-
ge, and the forest area destroyed by fire amounted to 167 thousand hectares [1]. Obviously, for
many countries of the world with significant forest resources, including Kazakhstan, it is im-
portant to detect a fire as early as possible, determine its exact location and eliminate it. There-
fore, there is an urgent need to develop automated methods of fire reconnaissance. Existing
technological limitations need to be extended to detect and track fires in the early stages of fires.
Thus, monitoring and early detection of fires are two key factors that allow firefighters to act
appropriately without allowing fires to run wild.

In recent years, an unmanned aerial vehicle (UAV) have become increasingly important for
environmental monitoring, on the one hand, providing data from remote and hard-to-reach areas,
and on the other hand, reducing the cost of conducting the necessary research using traditional
field methods, while increasing work efficiency. The use of UAVs as part of firefighting com-
plexes solves a number of problems associated with a lack of personnel, inaccessibility of territo-
ries, the need to minimize the impact of human presence, and determine operational data on fire
during forestry work. On-board cameras and sensors can provide a view of a forest fire from vari-
ous heights. Unmanned aerial systems can serve as "eyes in the sky" for firefighters and help to
locate fires more accurately, which can significantly improve the effectiveness of forest fire
fighting. Thermal imaging and more sophisticated sensor systems can greatly increase payloads,
so techniques need to be developed that can be used with lightweight surveillance cameras aboard
these vehicles. The most important part of the development of monitoring systems using cameras
installed on UAVs is fire detection on video images using machine vision methods and algo-
rithms. Typically, in fire conditions, smoke appears before flames, and therefore it is important to
identify the smoke for early fire detection. Smoke invariably covers most of the airspace around a
burning forest. In aerial photographs, most often the fire is hidden behind a thick cover of smoke,
and therefore the automatic identification of smoke along with the fire becomes important for
complete situational awareness. Color is one of the main criteria for detecting fires and is used in
most of the currently available methods for detecting fires from digital images. Typically, chro-
matic image analysis uses one or more decision rules in certain color spaces to find areas with fire
colors. Often used color models are RGB (red, green, blue), HSV (Hue, Saturation, Value), HSI
(Hue, Saturation, Intensity), YCbCr (brightness, chroma, blue, chroma, red) and others. In the case
of organic materials such as trees and bushes, fire has a well-known red-yellow color. Many natu-
ral objects have a color similar to fire and can often be mistaken for flames. For this reason, it is
very important to distinguish such false alarm situations from real fire. For smoke in the early
stages of a fire, when the temperature of the smoke is low, the smoke is expected to have color
characteristics ranging from bluish-white to white. Gradually, as the fire intensifies, the tempera-
ture of the smoke increases and changes color from black-grayish to black. Because this work uses
information about smoke in the early stages of fire for analysis, it is important that smoke samples
be obtained when the smoke is at a low temperature. This is the case when the smoke samples
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have color characteristics ranging from white-bluish to white.

Most of the studies in fire detection through image processing have focused on using both
chromatic and dynamic fire attributes to identify. Many fire detection methods use color as the
main feature for detecting a fire in a video sequence [2-5]. Such methods are efficient (low
complexity) but prone to false positives as the color of the fire changes depending on several
variables. Time information, analysis of turbulence and periodicity around the boundaries of ob-
jects can partially overcome these shortcomings [6]. The wavelet transform is another tool that
can improve the reliability of detection [7], as well as fuzzy logic [8], [9]. In the study [9] au-
thors use a fuzzy model to distinguish fire areas in a frame using color recognition. The classic
Mamdani fuzzy inference process allows us to estimate the degree to which each pixel belongs
to the set of fire-colored pixels. The method provides on average the best hit rate (about 87%)
and gives a very low number of false negatives.

Color remains the primary function for the correct classification of fire pixels and is used in
almost all detection methods. Traditional fire detection uses RGB (Red, Green, Blue), HSV
(Hue, Saturation, Value), HSI (Hue, Saturation, Intensity), and YCbCr (Luminance, Blue com-
ponent and Red component) and others. For example, the RGB and HSV models are used to
create three decision rules for candidate region detection [10], [11]. In papers [12], [13], the
YCbCr color space is used for the general model and proposes various rules for accurate detec-
tion. Singh and Deb used the rules of multicolor features based on the YCbCr color space to de-
tect fire pixels in a video sequence [14]. This method works great for detecting fire areas in real
fire video sequences. Chen et al. proposed a smoke detection algorithm based on video pro-
cessing for a fire early warning system [15]. The algorithm is based on static and dynamic deci-
sion criteria. The static decision is based on the grayish color of the smoke, while the dynamic
decision rule is based on the characteristics of smoke propagation such as smoke disorder and
smoke growth rate. The grayish color is described by the intensity component of the HSI color
system, because among the various color models, the HSI color model is very suitable for
providing a more human-oriented way of describing colors, because the hue and saturation
components are closely related to how people perceive color. This paper is devoted to the detec-
tion of areas of fire and smoke in images obtained in the early stages of a fire, using image pro-
cessing methods based on fuzzy logic. The proposed method of image processing based on
fuzzy logic, which allows to automatically identify fire and smoke in visual images. The effec-
tiveness of the identification algorithm has been demonstrated on a number of real aerial images
of fires.

Experimental. Fuzzy logic begins with the concept of a fuzzy set. A fuzzy set is a collection
of elements of an arbitrary nature, with respect to which it is impossible to say exactly whether
these elements have some characteristic property that is used to define a fuzzy set. It can only
contain elements with a partial degree of membership. In fuzzy logic, the truth of any statement
becomes a matter of degree. The main advantage that fuzzy reasoning offers is the ability to an-
swer a yes-no question with a not-quite yes or no answer. People think this way all the time, but
it's a fairly new technique for computers. Fuzzy logic reasoning is a superset of standard logic,
so if fuzzy values are at the extremes 1 (completely true) and 0 (completely wrong), standard
logic operations will be performed. If true is set to the numeric value 1 and false is set to the
numeric value 0, this value indicates that the fuzzy logic also accepts intermediate values such
as 0.8 and 0.865.

A fuzzy inference system is a process of obtaining fuzzy conclusions about the required con-
trol of an object based on fuzzy conditions or prerequisites, which are information about the cur-
rent state of the object. This process combines all the basic concepts of fuzzy set theory: mem-
bership functions, linguistic variables, fuzzy implication methods, etc. The development and
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application of fuzzy inference systems include a number of stages (see Figure 1).

Input variables Control variables
data on the state of the control object impacts on control mechanisms,
and external influences system controls, etc.

v T

Defuzzification of
output variables

v T

Creating a rule base

Fuzzification of input Accumulation of
variables conclusions
Subcondition - Activating
aggregation g subconclusions

Figure 1. Fuzzy inference process diagram

In general, the two most popular fuzzy inference systems are available: the Mamdani fuzzy
model and the Sugeno fuzzy model. Sugeno fuzzy inference, also called Takagi-Sugeno-Kanga
fuzzy inference, uses singleton output membership functions that are either constant or linear
functions of the input values. The Sugeno system uses the weighted average or weighted sum of
multiple data points rather than calculating the center of gravity of a 2D region. And in the
Mamdani system, the result of each rule is a fuzzy set. Because Mamdani systems have more in-
tuitive and easier to understand rule bases, they are well suited for expert system applications
where rules are created based on human expertise, such as medical diagnostics. The result of
each rule is a fuzzy set obtained from the output membership function. These output fuzzy sets
are combined into one fuzzy set using the aggregation method of the fuzzy inference system.
Then, to calculate the final crisp output value, the combined output fuzzy set is defuzzified us-
ing image classification techniques. The advantage of this model is that the rule base is usually
provided by an expert and is therefore, to a certain extent, defying explanation and learning. Be-
cause of its simplicity, the Mamdani model is still the most commonly used technique for solv-
ing many real-world problems [16].

The block diagram of the system based on fuzzy logic used in this study is shown in Figure
2. The fuzzy logic system transforms crisp input data into crisp output data. Once the rules are
in place, the system can be viewed as a mapping of inputs to outputs, and this mapping can be
quantified by the function y = f'(x). Rules can be extracted from numerical data or provided

by experts. Engineering rules are expressed as a set of [IF-THEN statements.

Crisp Knowledge base Crisp
Input Output
C——>| Fuzifier Data base Rule base Defuzzifier [—— >

> Inference system <
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Figure 2. Structure of Fuzzy Rule Based System

A system based on fuzzy rules consists of four parts: a fuzzifier, a knowledge base, an infer-
ence system, and a defuzzifier [17]:

1) Fuzzifier: A fuzzifier converts hard numbers to fuzzy values. Fuzzification is performed
based on the type of inference mechanism or inference strategy, such as disjunction or composi-
tion rules. This is necessary in order to activate the rules associated with fuzzy sets. In the litera-
ture, the input to a fuzzifier is referred to as crisp input because it contains accurate information
about specific parameter information. The fuzzifier converts this exact value into the form of an
inexact value like "small", "medium", "long", etc. with a degree of belonging to it, the value of
which is in the range from 0 to 1.

2) Knowledge base: The main part of the fuzzy system is the knowledge base, which togeth-
er mentions both the rule base and the database. A fuzzy knowledge base is a set of fuzzy rules
of the form “IF <rule premise>, THEN <rule conclusion>", which determine the relationship
between inputs and outputs of a controlled object and/or expert system.

3) Inference system: The inference system and decision block perform inference operations
according to the rules. In the fuzzy inference system, the principles of fuzzy logic are used to
combine fuzzy rules into a mapping of input fuzzy sets to output fuzzy sets. Just as people use
many different types of inference procedures to help understand things or make decisions, there
are many different types of inference procedures based on fuzzy logic.

4) Defuzzification is the process of converting a set of controller output values into a single
point value and performing a renormalization of the output data that maps the controller output
point value to its physical area. The output generated by an output block is always fuzzy. The
defuzzifier's job is to take fuzzy input and provide real-world output.

Development of flame detection rules based on fuzzy logic. Among the various color sys-
tems, the HSI color model is very human-friendly because the hue, saturation, and value com-
ponents are closely related to how people perceive color. HSI describes a color space using hue,
saturation, and intensity, and compared to RGB, HSI is more suitable for modeling the color
perception properties of the human visual system, since the hue and saturation components are
closely related to how people perceive color.

According to the analysis of the fire features, the hue values for fire from 0 to 70 correspond
to the red-yellow range. The saturation value obtained in brighter conditions is greater than in
darker scenes, as this is affected by the backlight. In the absence of other background lighting,
the fire will become the main and only source of illumination. In order to guarantee sufficient
brightness during video processing, the intensity must be above a certain threshold. Therefore,
HSI-based rules are used as the second part of flame detection from chromatic data, which can
be described as follows (1):

0<H<70
50< 5 <150 (1)
120< 7 <255

where H, S, and I are the hue, saturation, and intensity components of the image, respectively.
To do this, we convert the image from the RGB color space to HSI, which starts with nor-
malizing the RGB value [18]:
R G B
r= » g = > b= .
R+G+B R+G+B R+G+B
Each normalized component of H, S and I is then obtained using the following formulas (3)-

(6):

2
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0.5'[(r—g)+(r—b)}

h=cos™ - = he[O, n] forb<g 3)
[(r=2)" +(r=b)(g-b)]
h=2m—cos™ O.S-E(r—g)+(r—b)] = he[0,2n] forb>g “4)
[(r=2)" +(r-b)(g-b)]
s=1—3~min(r,g,b) se[O,l] %)
. R+G+B .
i= 3255 ie [0, 1] (6)

For convenience, the values of /4, s and i are converted in the range [0, 360], [0, 100],
[0, 255] according to the formulas (7)-(9):

H,=hx180/7 (7
H, =sx100 (8)
H, =ix255 )

Smoke segmentation method. The smoke of a fire does not have the characteristics of color
as the flames of a fire. During the initial stage of a fire, the smoke will be bluish-white to white
when the temperature of the smoke is relatively low. The more the temperature of the smoke in-
creases, its color changes from dark gray to black-gray when it reaches the border of the start of
ignition of the flame. Also, burning different materials can produce different amounts and colors
of smoke. As a rule, the smoke has a grayish color, which can be divided into light gray and
dark gray areas. In addition, based on the characteristics of the smoke, it can be assumed that the
three smoke components in the RGB model are almost equal or have little difference. This phe-
nomenon means that the absolute difference between the maximum and minimum values of
these three components must be limited to a certain threshold. So, the first smoke detection rule
can be set as the following system of equations (10), (11):

Ts =max (T5,, Ts,, Ts; ) < T, (10)

|R(x,y)—G(x,y)|=Tsl,
|G(x,y)—B(x, y)|=Ts2, (11)
|R(x,y)—B(x,y)|=TS3,

where Ts,, Ts, and Ts, are calculated as the difference between each two channels. 7's — the
maximum absolute difference between the three components of the RGB model,
1 . e[T S5, 1 SH] — a given global threshold for determining the similarity of the intensity of
each RGB color channel, 7s, and T, - the lower and high limits of the threshold values.

To effectively describe the color of the smoke, the HSI color model is used, which is used to
describe the light gray and dark gray areas in [1 Light s 1 ung] and [1 park oL DMZ] respectively.

Therefore, the following second smoke detection rule can be formulated:
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I, <I<I for light — gray color,

Low, Low, >

Iy <11y, ,  fordark —gray color

where I — the intensity value of each pixel in the current frame, the choice of 1, 1}, 5 {pu,

and [, depends on the statistical data of the experiments.

Fuzzy smoke detection rules. The fuzzy logic method is considered one of the best options
for real-time operation, high non-linearity and complex calculations. The triangle membership
function is used for each input, and it can be mathematically written as the following system of
inequalities (12) [19]:

1+(z—¢;) /b, if —b; <(z,-¢;)<0,
fi(z,)=31=(z,—¢,)/b; if 0<(z,-¢;)<b, (12)

0, otherwise

where i and j denote the number of inputs and triangle membership functions, respectively, z,

— the j-th input, ¢, — the i-th centroid, b, and b; are represent the lower and upper half-widths
of the i-th triangle membership function.

In addition, as one of the most popular defuzzification methods, the maximum-minimum
value aggregation and centroid defuzzification method is used in this study to calculate the out-
put value. In this study, only one output is defined in a fuzzy smoke detection system. Similar to
the entry plan, the defuzzification rule for the exit is constructed as the following system of ine-
qualities (13):

W+ (y=2,)1 B i =B, <(v=r,)<0,
m(v)=1 1=(y=7,)/ B, i 0<(y-r,)<8;. (13)

0, otherwise

where m; ( y) , 7, and y denote the j-th fuzzy output, modal point, and crisp number, respective-

ly. B, and p; are the lower and upper half-widths of the j-th inference rule, respectively.
Consider that the j-th rule is the result of z, e fuzzy set i and z, e fuzzy set £, the activation

level of the consequence of the j-th rule can be represented as @, , then this activation level can

be expressed as:

w, = min[f” (21 ): Jia (Zz )]

where the fuzzy output is calculated by the formula (14):

M

m(y)=) m(y). (14)

J=1

Applying the chosen centroid defuzzification scheme, one can map a fuzzy output to a crisp
number ¥ as formula (15):
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M
. j:la)jchj
y - )

Zil @;S,

where C; and S, are the centroid and the area of the j-th fuzzy membership function of the

(15)

output, respectively. In addition, the centroid C; can be defined as expression (16):

_Jom (v)dy
[m (v

Results and discussion. The Fuzzy Logic toolkit in Matlab 9.5.0 (R2018b) is used to build a
Mamdani-type fuzzy inference system. The computational time required to process an image
with a resolution of 1024 x 1024 pixels on a 64-bit 3.6 GHz Intel Core [3-10100F processor is
approximately 0.5 seconds per frame. The smoke detection capabilities add to the fire identifica-
tion capability of this fuzzy model. The images are analyzed in color HSL, as it describes the
image most closely to human vision. The input to the system is the S and I value of each pixel.
We used a combination of triangular and trapezoidal membership functions for the difference

between S (x, y) and [ (x, y). Membership functions for each input and output are shown in
Figure 3 — Figure 7.

, (16)

o
3

o
=

Degree of membership

o
]

oF

o
»

Low

0

Figure 3. Membership function for input (S)
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Figure 7. Fuzzy surface

All images are taken from real fires captured from the air. RGB images are converted to HSI
color space, then the S and I values for each pixel are calculated and provided as input to the
fuzzy system. In the output, fire pixels appear as shades of red, and smoke pixels appear as
shades of white. Thresholds for fire are 0.75 and 0.59 for smoke, respectively. Thresholds are
set to achieve the best balance between accurate fire identification and false detections. This
system is shown to be capable of simultaneously effectively detecting fire and smoke. Example
results of the proposed algorithm are shown in Figure 8 (a-d).

a) fire segmentation example
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b) smoke segmentation example

¢) fire segmentation example

T,

d) both fire and smoke segmentation example

Figure 8. Results of fire and smoke detection: original images (left),
fuzzy segmentation (middle), and final result (right)

Experimental results have shown that the method allows achieving up to 95 % fire front
recognition accuracy, but requires a good camera calibration. The results show that the proposed
method works very well if the color characteristics are in the given range. Changing threshold
values speeds up computing, but reduces accuracy. In future work, we plan to use additional pa-
rameters such as shape, movement, etc. in addition to color information, which will increase the
efficiency of the algorithm.
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Conclusions. This article proposes the use of fuzzy logic-based image processing to identify
fire and smoke in wildfire images. The technique, built on the method of simultaneous identifi-
cation of fire and the possibility of detecting smoke, significantly expands the capabilities of
earlier algorithms. To reduce complexity, only color information is used. The proposed method-
ology is designed to be applied in the early stages of a forest fire when the fire has just started
and the amount of smoke is low. The method provides sufficient performance to meet the effi-
ciency requirements.
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