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ABSTRACT Color-feature-based wildfire pixel segmentation has become a challenging task extensively
addressed in various research studies. Rule-based models aim to identify fire pixels in a binary manner
by determining whether the pixel intensity exceeds a specified threshold value. The authors determine the
thresholds by analyzing diverse collections of images that contain wildfires. This has resulted in a lack
of consensus on the thresholds determined by various researchers, even when the same color space is
used during the examination process. Additionally, determining fire pixels in a binary manner complicates
the handling of uncertainty and vagueness in color information. This research aims to enhance fire-pixel
segmentation by integrating color-based rule models with a fuzzy set approach, which effectively addresses
uncertainty and vagueness. The proposed approach automatically learns the optimal set of fuzzy operators
and rules for fire detection to construct a combined model. To address the limitations of combining binary
class labels, this approach modifies the rule form proposed by various authors to obtain a fuzzy set of data,
such as a grayscale fire map, instead of a crisp set of data, such as a binary fire map. In addition, our proposal
uses a genetic algorithm approach to construct the best combination model. The final binary form of the fire
map is calculated using the widely used Otsu method. The presented method is evaluated qualitatively and
quantitatively in a well-accepted dataset designed for wildfire pixel segmentation tasks. The model obtained
outperforms state-of-the-art rules and traditional strategies for combining binary labels in the F-measure and
IoU metrics.

INDEX TERMS Fire-pixel segmentation, fuzzy rules, genetic algorithm, color-based rule model,
combination model.

I. INTRODUCTION
Wildfires are natural disasters that significantly affect ecosys-
tems, the economy, and society [1]. Due to global warming,
the patterns of wildfires have changed [2], making early
detection crucial. Traditionally, ground crew inspections
have been the most common method for fire detection [3].
However, this approach is unreliable because of its limitations
in area coverage and detection speed.

Several techniques [3] have been developed to address
these limitations for the early detection of wildfires.

The associate editor coordinating the review of this manuscript and

approving it for publication was Frederico Guimarães .

Advanced technologies now incorporate computer vision
techniques [4], which play a key role in improving the
response time of firefighting teams and minimizing the
damage caused by wildfires [5]. Various fire detection
methods have been designed for image classification to
determine the presence or absence of fire in images. However,
some researchers have proposed methods to detect fire pixels
using segmentation techniques. This research work focuses
on fire-pixel segmentation.

Regardless of the fire pixel segmentation approach, the
authors have proposed to tailor a forest fire detection model
by considering the most relevant fire characteristics. Among
the features used to construct fire models, we can mention
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color, texture, edges, and, in the case of video sequence
analysis, flame flicker, and flame motion [6]. Often, the
proposed approaches utilize color as the main feature to
develop fire detection models. Moreover, some researchers
proposed the use of various color representations to improve
forest fire detection or segmentation [7]. Fire detection can
be performed using both video sequences and static images;
however, most methods involve an analysis based on color
features. The literature identifies two types of fire detection
color-based approaches: rule-based and machine- or deep
learning-based. In this study, our aim is to tackle the fire pixel
segmentation task in a rule-based fire color model approach.

Celik et al. [8] utilized the color of statistics to characterize
fire pixels. Five rules were proposed using the RGB color
space. The mean value in the red channel and six thresholds
comprise the rules. The thresholds are determined by
analyzing a set of images that contain fire pixels. The model
proposed by Huang et al. [9], combines color information
from two color spaces; RGB and HSI. Specifically, three
rules were developed: two rules concerning the RGB color
space and one rule using the saturation channel from HSI
color space in combination with the red channel. Decision
thresholds are determined by various experiments using
images that contain fire pixels. The authors claim that
using the saturation channel allows for discrimination in
brightness variations, avoiding misclassifying background
and foreground.

Töreyin et al. [10], calculated the color distribution of fire
pixels from sample images that contain fire scenes. Gaussian
mixture was computed in the RGB color space. The threshold
is determined by two standard deviations of the computed
Gaussian distributions. Vipin [11] constructs a set of rules for
fire pixel classification using RGB and YCrCb color spaces.
The authors claim that using a color space that decouples
luminance from chrominance improves fire pixel detection.
The authors proposed seven rules: two using the RGB color
space and five based on chromatic information from the
YCrCb color space.
Rule-based models rely on the researcher’s expertise

to determine the threshold for pixel classification. Hence,
various authors have proposed guided learning approaches.
Philips et al. [12], proposed a supervised learning approach.
A 3D histogram in RGB color space is constructed to
calculate the probability that a pixel is a fire pixel. The
determination of the flame pixel is expressed as an inequality
in which the probability has to be greater than a threshold
value k . Chino et al. [13], utilized Naive Bayesian to learn
a fire model. The YCrCb color space was used to avoid
luminance variations. Additionally, the authors proposed
characterizing the flame using LBP uniform patterns.Maheen
and Aneesh [14], calculate a feature extraction stage to
segment the image, then calculate a color correlogram in
conjunction with the Naive Bayesian classifier. Typically, the
performance of rule-based models depends on the knowledge
embedded in the rules by experts. In other words, different

knowledge results in different performance. In addition, the
performance of rule-based models varies because they utilize
different color spaces and analyze diverse sets of images.

Recently, various deep learning approaches have been
proposed to address the shortcomings in the classification
tasks of rule-based models [15]. Frizzi et al. [16], proposed a
convolutional neural network (CNN) to detect the fire pixel.
The authors claim that they used a classical architecture
of nine convolutional layers and Max pooling. In addition,
the image is processed in the RGB color space using
the kernel size 3 × 3. Zhao et al. [17], proposed a deep
convolutional neural network (DCNN) named Fire_Net in
combination with a saliency detection method for fast fire
detection. The DCNN consists of 15 layers, 8 of which
are for convolution and 4 of which are for max-pooling.
Then, the following 3 layers capture complex co-occurrence
statistics. Jadon et al. [18] developed a CNN designed to
achieve real-time performance. The named FireNet network
consists of 14 layers. The authors utilized the Rectified Linear
Unit (Relu) and Softmax as activation functions. FireNetv2
was developed by Shees et al. [19] as an improvement on
their predecessor. The size of the model decreased due to
the number of computations required and the number of
parameters needed to set up the network. Despite deep
learning approaches achieving reliable performance in fire
pixel detection, neural networks operate as a closed-box,
making it challenging for humans to comprehend the
computations of the fire detection model [20], [21].

In this work, we propose an aggregation model for fire
pixel segmentation to enhance the performance of rule-based
fire color models while maintaining interpretability for
human understanding. In computer vision, various authors
focus on developing a structural understanding of image
content using segmentation approaches. As a result, seg-
mentation plays a crucial role in various computer vision
tasks to understand images [22]. Lang et al. [23], proposed
a method to leverage the base learner to identify the
confusable regions in query images and further refine the
predictions of the meta-learner. This author also proposed
a scheme called BAM [24] to alleviate the bias problem
in FSS models. It utilizes the base learner to identify the
confusable (base) regions in the query image or point cloud
and subsequently refines the predictions made by the meta-
learner. Lang et al. [22] also introduced a flexible and generic
framework incorporating a novel self-reasoning scheme to
derive support-induced proxies, effectively addressing the
typical challenges associated with few-shot segmentation
(FSS) tasks. This framework was specifically designed to
mitigate confusion and improve discriminatory capabilities.
Cheng et al. [25] proposed a few-shot segmentation approach
called Holistic Prototype Activation (HPA). This method
introduces two key modules: the prototype activation module
and the cross-referenced decoder, aimed at addressing the
issues of overfitting to base category targets and the gen-
eration of inaccurate segmentation boundaries, respectively.
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In addition, segmentation has been used in other computer
vision tasks, such as medical image segmentation [26],
robotic perception, image compression [27], and salient
object segmentation [28], among others.
As mentioned above, rule-based fire models exhibit

varying performance; different rules perform differently in
the fire pixel segmentation task. In this study, our objective
is to improve the performance of rule-based models by
aggregating multiple fire pixel detection rules. An aggre-
gation model combines multiple pieces of information to
make a decision aimed at addressing a specific task [29].
Diverse aggregation approaches have been proposed to
address various computer vision tasks such as visual saliency
detection [30], [31], gesture recognition [32], and image
classification [33], among others.

To the best of our knowledge, there are not enough studies
on aggregation proposals to enhance fire pixel segmenta-
tion. In the research work of Buza et al. [34], the authors
systematically experimented with combining color-based fire
detection rules for pixel-wise classification. The authors used
the simple ‘‘and’’ operator in all their experiments to combine
the binary labels generated by the rules. First, the authors
evaluated all the rules to identify the best rule. The authors
proposed combining the Top-1 rule with other rules that
achieved a minimum F-measure of 0.3 while excluding rules
that performed poorly. Specifically, the authors performed the
combinations in pairs, combining the Top-1 rule with each
rule that met the minimum score condition. In addition, Buza
carried out another experiment that combined the rules based
on the color space used in their design. The combination was
performed using rules that utilize RGB, YCbCr , CIELAB,
and HWB color spaces. The simple aggregation function
used in their experiments has barely improved fire pixel
segmentation. The proposed aggregation approach considers
the binary outcome computed by the rules, constraining the
handling of ambiguity and uncertainty in the data.

The proposed approach aims to improve the segmentation
of the fire pixel using an aggregation model while main-
taining human interpretability. In pursuit of this goal, the
proposed approach utilizes fuzzy logic operators to obtain
a readable model. Fuzzy logic theory has previously been
used to address diverse tasks in various research works.
Soni and Mehta [35] integrated a fuzzy logic controller
and fuzzy clustering for the diagnosis and prognosis of
incipient faults in power transformers, incorporating critical
parameters such as dissolved gas analysis, moisture content,
furans, interfacial tension, and degree of polymerization,
among others. Kaur et al. [36] proposed a novel clustering
approach based on a fuzzy concept to segment medical
images, demonstrating that it performs better compared to
other methods. Yin and Hadjiloucas [37] discussed fuzzy
rule-based filters, including cellular automata, vector filters,
and deep learning classifiers, comparing their performance
with conventional methods. Key advantages include effective
noise suppression, edge preservation, and computational
efficiency.

In summary, our method aims to construct a fuzzy
rule-based aggregation model to enhance fire pixel segmenta-
tion. The proposed system takes advantage of the knowledge
of various rule-based models designed in different color
spaces. In contrast to binary label aggregation techniques, our
proposal handles uncertainty using a fuzzy set approach to
associate a degree of membership with the fire pixel class.
Our proposal is as follows. Firstly, our proposed system
utilizes a modified form of the rules as input. Specifically,
we modified the rules to generate a gray-level fire map
instead of a binary image. We use the rules proposed in
the research work of Anh et al. [38], Prema et al. [39], Buza
and Akagic [7], and Dzigal et al. [40]. Secondly, unlike
binary label combination techniques, our system employs
fuzzy operators for the combination, allowing us to handle
imprecision and vagueness in fire pixel detection. Third,
we employ a genetic algorithm to determine the optimal set
of rules for fire-pixel segmentation to minimize reliance on
human experts for rule design.

The remainder of this document is organized as follows.
First, we present the methodology and details of the proposal
in Section II. In Section III, we provide details of the
parameters, dataset, and evaluation protocol used in our
test series. The results of our experiments are given in
Section IV. Section V presents the conclusion and future
research directions.

II. METHODOLOGY
In this section, we provide the theoretical background of our
proposal. In Figure 1, we show the overview of the proposed
method. Since we aim to exploit different rule-based fire
detection models by merging their rules, our proposed
system is three-fold: 1) In Figure 1(a), we depict the stage
for generating an aggregation model. First, our proposal
computes the feature maps used as input for our learning
stage. The feature maps are calculated using a modified form
of the rules of various state-of-the-art fire detection methods.
The rules were modified to allow our system to find the best
combination in a continuous range of values instead of fusing
binary labels. Then, our proposal explores the combinations
of rules by using fuzzy operators. Specifically, we used
a genetic algorithm approach to find the best rule-based
model to aggregate fire detection rules. Our system performs
N experiments and retrieves the best model computed on
each experiment. 2) In Figure 1(b), the N best models of
each experiment are evaluated using a subset of the dataset.
The best model assessed in this partition of the dataset is
selected to be evaluated in the test stage. 3) In Figure 1(c),
the test stage is performed using the best model generated
in the learning step. Our aggregation model performs fire
detection by calculating the features and computing the
fuzzy rules found in the learning stage for a new incoming
image.

The rest of this section is organized as follows. Firstly,
we establish the fundamental principles for effectively
combining the outcomes of various fire rules. Secondly,
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FIGURE 1. Overview of proposed approach. We conducted 30 experiments to validate our proposed approach. (a) First, the proposal computes
the feature extraction stage using the training image subset.Second, the system searches for the optimal combination of rules using a genetic
algorithm and fuzzy operators.Third, our system selects the best model from each experiment. (b) The proposal evaluates the best models using a
subset of validation images to select the highest scoring model. (c) The proposed model computes fire pixel segmentation on an input image.

we present the foundations of the genetic algorithm.
Third, we present the theoretical background of fuzzy
theory for combining fire detection rules. In addition,
we give details of the aggregation operators utilized.
Finally, we introduce the rule-based models proposed by
various authors for fire detection. In addition, we introduce
the modified form of the rules used as inputs to our
system.

A. THE AGGREGATION OF FIRE DETECTION RULES
The combination of results from various classifiers has
proven to be reliable in addressing various binary segmen-
tation tasks on image processing [41]. The combination
of outcomes from various segmentation approaches aims
to improve the classification regardless of the semantic
segmentation task [42]. In this research, our aim is to combine
the results from the fire pixel detection rules to improve fire-
pixel segmentation.

Consider R = {r1, r2, . . . , rL} the set of L fire detection
rules. Then, we fuse the outputs of the L fire detection rules

using Equation 1,

r̂ = F(r1(x), r2(x), . . . , rL(x)), (1)

where F is a combination rule and the output ri(x) is the
determination of the pixels as fire or not fire.

We propose using genetic algorithms to find the combina-
tion function F and to encode the combination rule in a tree
structure. Since we aim to enhance fire pixel segmentation,
selecting the objective function is not trivial. For improving
fire pixel segmentation, the objective function can be any
conventional function that aims to assess segmentation. Then,
depending on the selection of the assessing function, the
proposed approach maximizes or minimizes the objective
function. In our experiments, we use the Matthews corre-
lation coefficient (MCC) as our objective function given in
Equation 2,

MAX MCC (̂r) = (F1×F2)−(F3×F4)
(F1+F3)×(F1+F4)×(F2+F3)×(F2+F4)

,

(2)
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where MAX is the maximize function, F1 = TP(̂r) true
positive,F2 = TN (̂r) true negative,F3 = FP(̂r) false positive
and F4 = FN (̂r) false negative.

B. GENETIC APPROACH
Genetic algorithms (GA) are useful in machine learning
and optimization tasks [43]. GA has been used to adjust
rule-based classifiers, that is, to evolve rules [44] using
principles of natural evolution to guide the exploration of
plausible solutions [45]. In the field of computer vision
research, GA has been used in various tasks such as feature
selection [46], [47], optimization [48], [49], and computer
vision algorithms [50], [51], among others.

GAs encode candidate solutions in generic structures
called chromosomes S [52]. Then, the tuning is about the
rules, functions, and terminals. In our approach, we used a
tree structure to encode candidate solutions and to tune the
rules that determine the sequence of combinations encoded
in an individual. The semi-guided stochastic search process
assesses a candidate solution through an objective function
named the fitness function J . In our proposed system,
our fitness function is the straightforward classification
score [53].

Five essential stages comprise the implementation of
GAs [54]: 1) The initial population refers to the generation of
a set of individuals π = {S1, S2, . . . , Sn}, encoding candidate
solutions. The fitness solution J (S) assesses each solution;
the higher the score, the better the candidate solution.
2) Mating stage, a set M of individuals is selected from π to
be crossovering. Different bases have been proposed for the
design of the M set. The roulette wheel uses a proportional
probability distribution to the fitness function to set the odds
of an individual being selected; the better the score, the
higher the probability of being selected. 3) Crossover: A fixed
number of individuals are selected from theM set to form a set
of parent couples MP. Each couple of parents produces two
new individuals to build the set of offspringsO. The crossover
operation can be performed in variousmanners. Our approach
performs a crossover by swapping the entire branch from the
tree structures utilized to represent the candidate solutions.
4) At the mutation stage, a small probability is assigned to
determine whether an individual is selected to be modified.
The alteration occurs by modifying a small portion of the
individual. In our proposal, the mutation occurs by modifying
just one node or branch. 5) Selection consists of choosing
the individuals that survive to the next generation (iteration),
the selection is composed of the set π and O. The most
popular method of selecting the next population set is the
elitism strategy, which involves keeping the best individuals.
We adopted this selection strategy.

C. FUZZY SET THEORY FOR FIRE DETECTION
The fuzzy set theory introduced by Zadhe [55], is a useful
mathematical tool for handling imprecision and approximate
reasoning [56]. A fuzzy set A in a finite nonempty set X ,

called universe, is characterized by a membership function
of A [57]. The definition of the membership function is given
in Equation 3,

µA : X → [0, 1], (3)

where µA is the membership function that assigns a degree of
association of x ϵ X to the fuzzy set A. An element x with a
membership of 1 is considered to belong completely to the
fuzzy set A. In contrast, an element x with a membership
of 0 is considered not to belong to the fuzzy set A. The
intermediate values are given to the elements that are not
certain to belong to the set A. Due to their ability to
handle uncertainty, fuzzy sets have been used in various
image processing algorithms. Among fuzzy-based image
processing tasks, we can mention low-level processes such
as clustering [58], [59], and image compression [60], among
others.

As mentioned earlier, our objective is to aggregate various
rules for fire detection. The fire detection rules we can find
in the literature, are composed of inequalities and relational
operators that, in conjunction, determine in a binary manner
if a pixel in an image corresponds to the fire class or
corresponds to the background. We modify the rule form
given by various authors to aggregate rules-based models
using fuzzy sets. The modified form assigns a pixel value in
the [0 − 1] range. Typically, the membership function that
defines information from the image is the gray-level intensity
value. In our approach, the element x is the pixel image and
the membership function µA is the pixel intensity value. That
is, a fire pixel has a membership of 1, and a background
pixel has a membership of 0. The intermediate values are
given to the pixels that are uncertain of classifying as fire or
background.

Since we modified the rules to obtain the output mapping
in the range [0 − 1] instead of obtaining the binary
form proposed by the authors, the combination of rules is
performed using a set of aggregation functions for fuzzy sets
widely studied and used in various academic and research
works, such as [29], [54], [56], [61], [62], and [63].

In our proposal, the operator nodes are the fuzzy aggrega-
tion functions. In fuzzy set theory, the intersection of two sets
is performed by the t-norm functions. In contrast, the union of
two fuzzy sets is performed by the t-conorm functions. The t-
norm and the t-conorm functions are defined as the minimum
and maximum value among two elements of a fuzzy set [62],
respectively.

We can find various definitions of the functions t-
norm and the t-conorm in the literature. Specifically,
we implement the minimum, product, bounded difference
t-norm functions. Regarding the t-conorm we utilized the
maximum, probabilistic sum, and bounded sum functions.
In Table 1, we give the t-norm and t-conorm functions
definition proposed to be used in our rule-based aggregation
model.

In addition, we include the Lukasiewicz and Kleen-Dienes
fuzzy set operations. The Lukasiewicz and Kleen-Dienes
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TABLE 1. Summary of maximum and minimum fuzzy operators utilized
for our proposal, where A and B are fuzzy sets.

operators are categorized as fuzzy implication operators.
These operators are fundamental in the construction of fuzzy
rule-based systems to correctly handle fuzzy conditions of the
form ‘‘if p then q′′ [64]. In Table 2, we present a summary of
the fuzzy implication operators.

TABLE 2. Summary of fuzzy implication operators, where A and B are
fuzzy sets.

Since intersections and unions (maximum and minimum)
are insufficient to aggregate fuzzy sets [54], we include a
variety of functions that aim to fill values between maximum
and minimum. Specifically, we utilized operators such as
mean operators and symmetric sum operators. Table 3
presents the operators utilized in our implementation.

TABLE 3. Summary of fuzzy mean and symmetric sums operators.

D. FEATURE EXTRACTION
The proposed aggregation approach utilizes various
rule-based fire detection methods as input. Rule-based
methods are made up of inequalities that are rules of the form
if (antecedent) then (consequence). The methods combine
the inequalities using Boolean operators to construct the
model fire detection.

Generally, the combination of the models is performed
using the binary label computed by the models. Our

approach aims to aggregate the knowledge of various fire
detection models to improve their performance. In contrast
to binary-label aggregation approaches, our method utilizes
a modified form of the rule proposed in other methods.
In Equation 4, we give the traditional form of the rule.

if (condition) then (fire label), (4)

where the condition is defined by a relational operator such
as <, >, = or any other combination of this operators i.e.

condition = (Left operand) > (Rigth operand), (5)

Equation 5, is an example of the most common condition
proposed in various fire detection algorithms. The operands
can be intensity pixel values or threshold values in a given
color space.

To allow our approach to exploit the color information of
each state-of-the-art rule, we proposed to represent the rule
so that our proposal can find the best combination of rules
in a continuous range variable instead of in a binary-label
manner. The modified rule allows us to combine knowledge
from various fire detection paradigms and assign a degree
of association with the fire class. The general form of the
modified rule is given in Equation 6, where instead of
giving a label after evaluating an inequality, we calculate the
arithmetical difference among the left and right operands of
the inequality;

condition = (Left operand) − (Rigth operand). (6)

Specifically, we utilize four state-of-the-art approaches as
inputs for our proposed aggregation approach. We utilize
the model proposed by Anh et al. [38], which uses two color
spaces: the RGB and YCrCb. In addition, we use the rules
proposed in the YCrCb color space by Prema et al. [39].
Also, we use the rules designed by Buza and Akagic [7]
constructed in the RGB color space. Similarly, we utilize the
rules presented by Dzigal et al. [40]; the rules were designed
in the HSV, HSL, and HWB color spaces.

1) YCBCR-RGB COLOR MODEL (NGUYEN ET AL.)
Anh et al. [38], utilized two color spaces that code the color
information under different basis. The RGB color space was
used to determine the relationship of intensity values of fire
pixels. They found that the R and G channels contain higher
intensity than channel B. The rule in which they expressed
this relationship is presented in equation 7,

Rule1 = if (R > G > B) then (Fire Pixel). (7)

Furthermore, they claimed that the fire-pixel color rep-
resented in the RGB color space depends on the specific
channel. That is, they established the relation that the fire
pixel presents in the rule expressed in equation 8,

Rule2 = if (R > Rth) ∧ (G > Gth)

∧ (B > Bth) then (Fire Pixel), (8)
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where Rth = 190, Gth = 100, and Bth = 140. The authors
empirically determined the threshold values.

On the other hand, they proposed to utilize the YCbCr color
space to extract brightness information from the scene. The
rule designed by the researchers is given in the equation 9,

Rule3 = if (Y ≥ Cr ) ∧ (Cr ≥ Cb) then (Fire Pixel).

(9)

The authors found that the values of the fire pixels are more
significant in the channels Y , Cb, and Cr than their mean
values. The proposed rule is given in equation 10,

Rule4 = if (Y ≥ µY ) ∧ (Cr ≥ µCr )

∧ (Cb ≥ µCb ) then (Fire Pixel), (10)

where the µY , µCr , µCb are the mean of Y , Cr , and Cb
channels. The joint of the four rules comprises the rule-based
color model for fire detection.

The modified form of the rules in equations 7 - 10 is given
in equations 11 - 20,

r1 = R − G , (11)

r2 = G − B , (12)

r3 = R − Rth , (13)

r4 = G − Gth , (14)

r5 = Bth − B , (15)

r6 = Y − Cr , (16)

r7 = Cr − Cb , (17)

r8 = Y − µY , (18)

r9 = Cr − µCr , (19)

r10 = µCb − Cb , (20)

2) YCBCR COLOR MODEL (PREMA ET AL.)
In the research work of Prema et al. [39], the authors
proposed to use YCbCr color space to handle luminance
separated from chrominance. They claim that this color
space exhibits a reliable performance even when illumination
variations in the background occur. The model proposed by
Prema is composed of two rules. The rules were designed
using separated chrominance components Y , Cb, and Cr .

The authors observed that the Cr component has higher
values for fire pixels than the Cb component. In addition,
they claim that fire pixels present a higher value in the Y
component than in the Cb component. The rule-based color
model was designed taking into account the observation
mentioned above. We present the rules designed by the
authors in equations 21 and 22,

Rule5 = if (Y > Cb ∧ Cr > Cb) then (Fire Pixel),

(21)

Rule6 = if
∣∣ Cb − Cr

∣∣ > T then (Fire Pixel), (22)

where T = 80 was chosen by the authors. The authors
proposed to utilize the conjunction operator to combine the

two rules. To utilize the rules in our proposal, we modified
the form of the rule in 21 as given in equations 23 and 24,

r11 = Y − Cb , (23)

r12 = Cr − Cb . (24)

The rule in equation 22 is modified as in equation 25,

r13 =
∣∣ Cb − Cb)

∣∣ − T . (25)

3) RGB COLOR MODEL (BUZA ET AL.)
Buza and Akagic [7] presented a fire detection model based
on the RGB color space. The color model is embedded into an
unsupervised algorithm for the determination of the region of
interest. Nevertheless, we utilize the rule-based color model,
avoiding the post-processing presented by the authors. First,
the authors calculated the geometric mean of each color
channel R, G, and B. Then, they calculated a new RGB color
image I ′[R,G,B] by computing the new pixel intensity using
equation 26,

I ′[R,G,B]← [R− µR,G− µG,B− µB], (26)

where µR, µG, µB are the geometric mean of the R, G, and
B channels, respectively. Then, I ′ is used to obtain a mask
that represents the candidates as fire pixels. The fire pixels
are determined using equation 27,

Rule7 =


if (I ′[R] < I ′[B]) then (No Fire Pixel),
if ((I ′[R] + I

′

[B]) < I ′[G]) then (No Fire Pixel),
otherwise (FirePixel).

(27)

To utilize the rules as input for our proposal, we consider
the preprocessing equation in 26 as a rule, then modify the
rule form of equation 26, and give the new rule form in
equations 28, 29, and 30.

r14 = I ′[R] − µR, (28)

r15 = I ′[G] − µG, (29)

r16 = I ′[B] − µB. (30)

The rule given in equation 27 was modified in the form
presented in equations 31 and 32,

r17 = I ′[R] − I
′

[B], (31)

r18 = (I ′[R] + I
′

[B])− I
′

[G]. (32)

4) HSV-HSL-HWB COLOR MODEL (DZIGAL ET AL.)
A hybrid model was proposed by Dzigal et al. [40], exploit-
ing the combination of different color components of various
color spaces. Specifically, they utilized the HSV, HSL, and
HWB color spaces, which are color representations that
separate chromatic information from brightness variations.
The authors calculated the mean values of the components
S, W, and B. Dzigal established the relationship between the
color channels and the mean and threshold values. The rules
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FIGURE 2. Samples out of the features used as input to our system.
(a) Input image. (b) Sample of results from Nguyen’s rules. (c) Sample of
results from Prema’s rules. (d) Sample of results from Buza’s rules.
(e) Sample of results from Dzigal’s rules.

constructed by the authors and the relational condition are
given in Equation 33,

if (Rule8 ∧ Rule9 ∧ Rule10 ∨ Rule11
∨ Rule12 ∨ Rule13) then (Fire Pixel). (33)

where the definitions of the rules are given in Equation 34,

Rule8 = (S > 35)

Rule9 = (H ≥ 330 ∧ H ≤ 65)

Rule10 = (L > 70)

Rule11 = (B < µB ∧ W < µW )

Rule12 = (W > µW ∧ S > µS )

Rule13 = (W ≥ 98 ∧ B ≤ 2) (34)

The modified forms of the rules are presented in
Equation 35,

r19 = S − 35,

r20 = 65− H ,

r21 = H − 330,

r22 = L − 70,

r23 = µB − B,

r24 = µW −W ,

r25 = W − µW ,

r26 = S − µS ,

r27 = W − 98,

r28 = 2− B, (35)

It should be mentioned that the H channel is mapped in the
range [0◦ − 360◦] and the W and B channels are mapped in
the range [0%− 100%].

Finally, in Table 4, we summarize the rules of the four
methods used to aggregate. The rules presented in Table 4 are
the modified form utilized as inputs of our fuzzy rule-based
aggregation system.

In Figure 2, we present samples from the results obtained
by computing individual fire detection rules. The images are
calculated in grayscale.

TABLE 4. Summary of rules utilized as inputs of our proposal.

III. EXPERIMENT SETUP AND PARAMETERS
In this section, we present the parameters used to carry out
our series of tests. First, we introduce the datasets used
in our experiments. Second, we give the metrics used to
assess the performance of the state-of-the-art methods and
our proposal. Third, we give the setup parameters utilized
by our evolutionary approach and provide examples of the
evolution performed by our proposal and the model obtained.
Fourth, we present an analysis of the constructed combination
model. Finally, we present the evaluation protocol used to
conduct our test series.

A. DATASETS
We used the CORSICAN [65] fire dataset (CFDB) to evaluate
the proposed approach and state-of-the-art methods. The
CORSICAN dataset has been used in various research works
on fire segmentation [66]. The images are available online on
request. The dataset consists of 500 images of wildfires in
the visible spectrum, 100 images of multimodality, and five
sequences of 30 images of multimodality of wildfires. The
authors provide a binary ground truth in which the fire pixels
are annotated as white pixels and the background as black
pixels. The authors also describe the color information of the
fire pixels; they realize that the fire color pixels are orange,
white-yellow, and red. The diversity of wildfire images
containing complex background contexts, the heterogeneity
of fire-color pixels, and the presence of distractors such
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as fire-color objects make fire segmentation challenging.
In Figure 3, we present examples of images from the dataset.

FIGURE 3. Examples of CORSICAN dataset and their pixel annotations.
First row, color images. Second row, ground truth images.

The distribution in channel H of the fire color is represented
in Figure 4. We compute a histogram to determine the color
distribution of the fire pixels. We construct the histogram
using the conversion of the color space to HSV. Specifically,
we used the H channel to prevent our analysis from being
biased by illumination variations. The histogram shows that
the chromatic content is mostly represented in channel H’s
low-level range. Hence, we use the H channel to extract
valuable information about the distribution of fire color.

FIGURE 4. Histogram of the fire pixels. We use the H channel to construct
the histogram, avoiding illumination affectations.

In Table 5, we present the color distribution of the fire
pixels. We utilized quartiles to describe the chromaticity
information. We can notice that the color content is predom-
inantly in Q1, Q2, and Q3. In addition, the intensity values
of 50% and 75% of the population are in the lower range of
channel H. This can be because the fire color is decoded in
the lower range of the H channel in the HSV color space.
Recalling that the H channel is circular, the chromatic content
is decoded in a complete revolution from 0 ◦ to 360 ◦ degrees;
the fire color is also decoded close to the completion of the
revolution of the H color channel. The 25% of the population
is above the Q3 quartile.

On the other hand, in Table 6, we present the statistical
information on the fire size of the dataset. We calculated the
area of the image and the area of the fire in the image; the area
was calculated in pixel units. The data in the table show that
most of the images contain a small fire area. The 75% of the
image population contains a small fire area, at most 28.02%
of the image area.

TABLE 5. Distribution of the fire color in the channel H. We use the
quartiles to describe the fire pixels.

TABLE 6. Area of the fire on the images. We use quartiles to describe the
percentage of fire area in the images within the dataset.

In general, the CORSICAN dataset is an appropriate
dataset for assessing fire detection models. The diverse
condition of illumination is a task that any fire detection
model must tackle. Furthermore, the heterogeneous fire
content in the CORSICAN dataset makes it challenging to
test the generalization capabilities of any fire model.

B. METRICS
The methods are evaluated quantitatively using the entries
in the confusion matrix, such as True Positive (TP), True
Negative (TN), False Positive (FP), and False Negative (FN).
Specifically, we compare the methods using the F-measure,
the weighted average of the Precision and Recall metrics.

The equations used to calculate the precision, recall,
and F measures are presented in Eqs. (36), (37), and (38)
respectively.

precision =
TP

(TP+ FP)
, (36)

recall =
TP

(TP+ FN )
. (37)

F_measure =
(β2
+ 1)× precision× recall

β2 × precision+ recall
, (38)

where we set β = 1.
Additionally, we evaluated the performance of the diverse

approaches by using the Jaccard index (IoU), as shown in
Eq. (39):

IoU =
TP

TP+ FP+ FN
. (39)

The IoU index measures the overlap between the ground
truth and the predicted segmentation [67].

C. EVALUATION PROTOCOL
We qualitatively and quantitatively compare our system’s
performance to the other state-of-the-art methods to assess
our proposal. The qualitative evaluation is two-fold. First,
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we compare the output images obtained from our approach
with the output images computed by the individual rules.
Second, we compare the images computed by the state-of-
the-art fire detection methods and the images calculated by
our proposal.

On the other hand, the quantitative evaluation is performed
as follows: 1) First, we evaluate our results and the results
computed from the individual rules presented previously
(Rule1−13). That is, we computed a fire map from each rule
proposed by the authors. 2) Second, we evaluate the results of
fully implementing fire detection methods and our proposal.
Specifically, we utilize the Nguyen, Prema, Buza, and Dzigal
models. Our benchmark for validating our combination
proposal is a comparison using the outputs calculated by the
complete rule assembled of the fire detection algorithms.

Since our proposal combines knowledge of fire detection
at the gray level, we require a quantitative threshold stage
to assess binary segmentation. For this purpose, we used
the widely accepted binarization method of Otsu [68]. This
method allowed us to compare the outcome of our proposal
with the ground truth of the dataset. Furthermore, we compare
our combination method to two frequently used techniques
for the combination of binary labels [69], [70], [71]: majority
voting and the weighted majority voting scheme. The simple
majority was used in the majority voting scheme. However,
the weights assigned in the weighted majority voting scheme
were assigned using the IoU metric computed from our test
series.

To statistically validate the results of our combination
approach, we performed 30 experiments. To carry out our
experiments, we split the dataset: training images subset
50%, selection images subset 10%, and test images subset
40%. The training partition of the dataset is utilized to
evolve the individuals in the population. Subsequently,
we selected the best individual from each experiment,
resulting in 30 individuals, our combination rule-based
models. The best 30 individuals are tested using the selection
partition subset. We perform bootstrap to calculate the
median and confidence intervals (CI) at 95% to select the
best model computed from the experiments. The individual
computing with the best performance is selected as the
top model obtained from the 30 experiments carried out.
We utilized the MCC metric to evaluate the models in this
stage. Finally, we assess the performance of our proposal and
the other methods using the test image subset. We used the
F-measure and the IoU metrics at this stage to evaluate.

D. PARAMETERS SETTING OF THE EVOLUTIONARY
PROPOSAL
The proposed evolutionary approach requires the setting of
critical parameters to ensure the correct evolution of the
individuals. As we mentioned earlier, the structure utilized
to encode the combination model was the tree structure.
We specified the initial length of the individuals to 5.
However, it was allowed to grow to 10 during evolution.

In our experiments, we determined that setting the initial
population at 100 individuals adequately obtains a reliable
model. In addition, we set the number of generations to 30.

The mating set is retrieved from the population using the
roulette wheel selection method. The probability of selection
of individuals is proportionally determined by the score
obtained for the fitness function utilized. We resolved to
select 20 individuals to create ten couples, and we set the
offspring at 20. The one-point crossover is performed on the
tree’s nodes, where the node can be a terminal or a function.
The crossover is carried out by replacing the entire branch
downward from the selected node.

To validate the individuals, we proposed to utilize the
Matthews Correlation Coefficient (MCC) metric as our
fitness function J . The MCC metric yields are more
informative and reliable in measuring binary classification
tasks [72], [73]. In Equation 40, we define the MCC metric,

MCC = (TP×TN )−(FP×FN )
(TP+FP)×(TP+FN )×(TN+FP)×(TN+FN ) .

(40)

The validation of the individuals is performed by assessing
the binary fire-pixel segmentation. Our proposal combines
fire detection rules so that the output obtained is given
at a gray level. Therefore, we require a binarization stage
to validate each individual as a plausible combination
model. In our proposal, we used the Otsu thresholding
algorithm [68]. The following population is selected by
retaining the best 90% of the population; in this manner,
we implement the elitist strategy by preserving the best
individual. In addition, we set an individual’s mutation
probability at 5%. Table 7 presents a summary of the
parameters used to evolve the model for our experiments and
the effect on the results obtained.

The following paragraphs present an analysis of the
complexity of the proposed evolutionary approach. The
experiments were carried out on computational equipment
configured with Intel(R) Core(TM) i7-11800H @ 2.30GHz
and 32 GB of RAM memory. The complexity analysis
was performed by varying the parameter of the size of the
initial population while we fixed the rest of the parameters.
Some authors claim that various parameters influence the
complexity of evolutionary approaches [74]. The size of the
population is considered one of the most critical parameters
that affects the complexity of the algorithm [75].
To analyze the complexity of our approach, we vary the

size of the initial population to 50, 100, and 150 individuals.
Table 8 summarizes the convergence time for each initial
population size. Furthermore, we evaluated the best model
obtained from each experiment in the validation dataset using
the MCC metric. From the table, we observe that the size
of the initial population influences the convergence time
of our approach: larger initial populations result in longer
convergence times. However, evaluating the models on the
validation data set does not show significant differences.
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TABLE 7. Summary of the parameters utilized for the proposed approach.

TABLE 8. Summary of the convergence time for each initial population
analyzed and average performance on the validation dataset.

In Figure 5, we show the memory usage throughout the
model evolution. From the figure, it can be observed that
the memory consumption of our approach tends to increase
with the size of the initial population and continues to grow
as the offspring stage progressively increases the number of
individuals during the evolution.

In addition, we present the calculation cost of the proposed
method. In Table 9, the average time taken to calculate
the fire segmentation on the validation image subset is

presented. In addition, the average memory usage during the
fire segmentation on the validation image subset is included.
In our proposal, the fire pixel segmentation was performed in
an average time of 0.019 seconds, while the average memory
used to compute fire pixel segmentation was 1.19 MB. It is
worth mentioning that the features used for combining were
calculated previously.

TABLE 9. Calculation cost of the proposed approach. The time and
memory were calculated by averaging in the validation image subset.

E. ANALYSIS OF THE RULE-BASED COMBINATION MODEL
The parameters defined previously determine the evolution
of the aggregation model. Figure 6 presents an example
of the average performance over the 30 generations. From
the figure, we can observe that the overall performance
of the population improves over generations. In addition,
the standard deviation performance of individuals tends
to decrease. In the final generations, small increments of
improvement in individuals’ average performance indicate
that the system is converging toward an optimal solution.
In Figure 7, we show the validation of our experiments.
We perform bootstrap to validate the model’s performance
obtained from the 30 experiments. From the figure, we can
observe that the 30 models computed present a similar
behavior. Since the CI of the models overlaps, we select the
model that scores higher in mean value.

In figure 8, we give an example of an individual
obtained from our evolutionary proposal. The combination
is performed from the bottom level of the tree structure up
to the top level. The individual comprises fuzzy operators
that perform operations on the maps computed from the
modified rules. For each function, we compute a fusion of two
features. The last level of the individual is always composed
of terminals. On the contrary, the root of the tree structure is
always a function.

The proposed system explores plausible combination
models. We analyze the frequency of use of terminals and
functions by our system during the search for the optimal
combination model. In Table 10, we present a descriptive
analysis of the frequency of rule use when building the
combination model. The r1 rule was the most used, 7.40%,
when searching for the optimal model. The r12 was used
7.17% and the r17 rule was used 6.39%. The analysis of the
usage of the functions is given in Table 11. The minimum
was the most used fuzzy operator, 13.67%. The bounded
difference of the operator was used in 13.21%, and the
product operator was used in 12.18%.

The proposed system aims to identify the optimal model
for aggregating fire detection knowledge by utilizing various
fire models and fuzzy operators. In Table 12, we computed
the occurrence of the terminals and operators in the best
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FIGURE 5. Memory usage across the evolution of the different sizes of the initial population.

FIGURE 6. Sample of the evolution of one of the experiments performed. The MCC average performance and standard deviation
are given.

individual of each experiment. Essentially, we analyze the
composition of the top 30 individuals generated from our
experiments. The r1 rule was used at 12.66%. The r9 rule was

utilized at 12.03%. In contrast, the rule r23% was excluded
from the final solution found in the proposal. In Table 13,
we summarize the most commonly used fuzzy operators that
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FIGURE 7. Example of the validation of the best models for each experiment.The experiments are ordered from best to worst
(left to right).The C.I. is calculated by performing bootstrap. In blue, the mean value is computed. In red, the median value is
calculated.

FIGURE 8. Example of combination model obtained from our proposal.
The model comprises fuzzy operators and feature maps computed from
the rules.

make up the best combination models. The most widely used
function is the symmetric sum at 14.84%. The product and
the bounded difference were used at 11.72% in the best
individuals. In contrast to the terminals, all fuzzy operators
were used in the final combination models.

IV. RESULTS
In this section, we present the results obtained from our
test series described in Section III-C. We present qualitative
and quantitative results. First, we qualitatively compare

TABLE 10. Analysis of the importance of the terminals utilized by our
combination approach. We count the frequency of usage for fire
detection rules during the system’s evolving process as part of the model
development.

the output image obtained by our approach to the results
obtained by state-of-the-art fire detection methods. Secondly,
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TABLE 11. Analysis of the importance of the functions utilized by our
combination approach. We count the times our system utilized each fuzzy
operator.

TABLE 12. Analysis of the top 30 models. The best model from each
experiment is analyzed. Terminal usage is represented as a percentage.
We examine the composition of the best individual from each experiment
conducted.

we quantitatively evaluated the performance of our proposal
and the state-of-the-art methods using two widely used

TABLE 13. Analysis of the top 30 models. The best model from each
experiment is analyzed. Functions usage is represented as a percentage.
We examine the composition of the best individual from each experiment
conducted.

binary classification assessment metrics. The quantitative
result is threefold. We assess our proposal and the state-of-
the-art techniques at the individual rule-wise level. Second,
we evaluate the results obtained from our proposal and the
rest of the approaches at the method-wise level; that is,
we utilize the complete implementation of color-based fire
models.

Finally, we compare our results with the aggregation
approach proposed in [34] and with two well-accepted
binary label combination techniques, majority voting, and
the weighted majority voting approach. All experiments were
performed using the F-score metric and the IoU metric.

A. QUALITATIVE COMPARISON
We performed a qualitative comparison of the outcomes
calculated by our proposal and the state-of-the-art methods.
Firstly, we present a qualitative comparison of the outcomes
computed using the individual rules and our method.
Secondly, we compare the results obtained from the fire
detection methods with our proposal.

In Figure 9, we present the results computed from the
individual rules. From that figure, we can observe that the fire
maps calculated by the individual rules exhibit outputs that
fail by over-segmenting the fire scene. In contrast, the outputs
obtained from our combination approach are similar to the
ground truth without any postprocessing stage. Individual
rules’ failures may arise from their role within a rule-based
composite fire detection model, in which the authors use
a subset of individual rules to perform fire detection in
conjunction. On the other hand, in Figure 10, we compare
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FIGURE 9. Comparison of the results obtained from the individual rules. (a) Input image. (b) Ground truth. (c) Rule1 (Nguyen). (d) Rule2 (Nguyen).
(e) Rule3 (Nguyen). (f) Rule4 (Nguyen). (g) Rule5 (Prema). (h) Rule6 (Prema). (i) Rule7 (Buza). (j) Rule8 (Dzigal). (k) Rule9 (Dzigal). (l) Rule10
(Dzigal). (m) Rule11 (Dzigal). (n) Rule12 (Dzigal). (o) Rule13 (Dzigal). (p) Our method.

FIGURE 10. Qualitative comparison of the results obtained from other
fire detection methods and our approach. (a) Input image. (b) Ground
truth. (c) Prema. (d) Dzigal. (e) Nguyen. (f) Buza. (p) Our method.

the outputs obtained from the fire detection methods and
our proposal. That figure shows that the results obtained
from the complete rule-based color model tend to be better
than those from individual rules. Nevertheless, the outputs
obtained from our proposal are similar to the ground truth
in most of the examples presented.

B. EVALUATION OF FIRE DETECTION INDIVIDUAL RULES
AND OUR PROPOSAL
We conducted an experiment based on individual rules to
validate that our proposed method improves fire detection.
That is, we utilize each rule, comprising the fire detection
approaches, to compute fire detection. Hence, we compare
our proposal with 13 different rules for fire detection.

In Table 14, we present the comparison of the rules as
individual entities and our proposal. From Table 14, we can
observe that Rule2 of the Nguyen model achieved the best
precision score of 0.923. On the other hand, our proposal

TABLE 14. Comparison using F-measure. Each rule is evaluated
individually yo our proposal.

scored 0.823, and Rule6 of the Prema model obtained 0.895.
The worst precision performance was obtained by Rule13 of
the Dzigal model, which scored 0.114. Regarding the recall
metric, the best score is obtained by Rule5 of the Prema
method that achieved 0.993. The Rule9 of the Dzigal method
scored 0.986, and Rule3 of the Nguyen model obtained
0.988. In contrast, our proposed method achieved a score
of 0.881. The Rule13 of the Dizgal model presented a poor
performance, which scored 0.002. Our proposal achieves the
highest F-score metric, which scored 0.815. In contrast,Rule7
of the Buza method obtained a score of 0.714, and Rule4 of
the Nguyen model calculated 0.664.

Given the results presented in Table 14, we can observe
that our proposal obtained a more balanced performance in
precision and recall metrics, causing a higher F-measure with
respect to the rest of the state-of-the-art rules. Despite our
proposal being overcome in terms of precision and recall,
the state-of-the-art rules tend to be unbalanced, causing
underperformance.
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TABLE 15. Comparison using IoU metric. Each rule is evaluated
individually against our proposal.

TABLE 16. Comparison, using F-measure, of the fully implemented
color-based fire detection models and our approach.

In addition, in our test series, we assess our proposal and
the rules of the top methods using the IoU metric. From
Table 15, we can observe that our proposal obtained the best
performance of 0.728. In contrast, the Rule7 of the Buza
method obtained 0.596, and the Rule6 of the Prema method
scored 0.519. Our proposal outperforms the rest of the state-
of-the-art rules regarding the IoU metric, indicating that it
overcomes the classification of non-fire and fire pixels.

C. EVALUATION OF FIRE DETECTION METHODS
AND OUR PROPOSAL
In this section, we present the results obtained from our series
of tests using the outputs of four state-of-the-art models and
our approach. Specifically, we performed experiments using
the complete implementation of Prema, Dzigal, Buza, and
Nguyen fire detection models.

From Table 16, we can observe that the Prema model
obtained the best precision score of 0.955. However, our
proposal achieved a precision score of 0.881, and the Dzigal
model scored 0.841. The Buza model achieved the best
performance of 0.890 with respect to the recall metric.
In contrast, our approach scored a recall of 0.837, while
the Dzigal model achieved a score of 0.787. Our proposed
method obtained the best F-score of 0.838. In contrast, Dzigal
scored 0.779, and the Buza and Nguyen models attained
0.697.

Even though the proposed method attained lower precision
and recall metrics than the Prema and Buza models,
respectively, our proposal obtained a competitive and
balanced precision and recall and, consequently, attained the
best performance in terms of the F score.

TABLE 17. Comparison, using IoU, of the fully implemented color-based
fire detection models and our approach.

Table 17 compares the results using the IoU metric.
Our method obtained a higher IoU score of 0.736. The
model proposed by Dizgal obtained an IuO score of 0.665.
In contrast, the Buza model scored 0.580. According to the
computed results, the proposed model achieved the highest
IoU score, surpassing the results obtained from the fire
detection models used for comparison.

In summary, our proposed combination system achieved
better results than the individual rules and models of various
authors. According to the results presented previously, the
combination of rules assists in obtaining enhanced fire
detection models.

D. COMBINATION METHODS COMPARISON
Additionally, we compare the performance of our approach
with the approach proposed by Buza et al. in [34] and
two widely accepted binary label combination approaches.
We precisely assess performance using the ‘‘and’’ operator to
combine the best rules, the majority voting technique, and the
weighted majority voting approach. In order to perform the
combination proposed in [34], we rank the individual rules
using the F-measure calculated in the previous experiment
presented in Table 14. In our experiments, we used the top
six individual rules to implement the Buza approach.

First, we compare the results of combining individual rules
using majority voting, weighted majority voting, and our
approach. In Table 18, we present the results obtained from
our experiments. The Top 1 & Top 3 combination scores
0.957. The weighted majority vote reached 0.927 similar to
the Top 1 & Top 4 pair combination. The proposed method
achieved a precision score of 0.8.23. The best recall score
was obtained using the majority vote technique, which scored
0.892. In contrast, our proposal achieved 0.881 and the Top 1
& Top 5 combination scored 0.801. The proposed fuzzy
aggregation achieved 0.815 in the F-measure. In contrast, the
Top 1 & Top 5 combination achieved 0.777, while weighted
majority voting obtained 0.630.

Regarding the IoU metric, our proposal obtained the best
score of 0.728. In contrast, the Top 1 & Top 5 scored
0.664 and the Top 1 & Top 4 achieved 0.532. Our proposal
consistently overcomes other fusion approaches in the
F-measure and the IoU metric. Despite the majority vote
technique overcoming our proposal in recall metrics, our
approach achieved competitive performance.

Second, we assess the combination of methods using the
strategy proposed by Buza, the majority vote technique, and
the weighted majority voting. From Table 19, we can observe
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TABLE 18. Assessment, in terms of F-score and IoU metric, of the
combination of individual rules using majority voting, weighted majority
voting, and our approach.

TABLE 19. Assessment, in terms of F-score and IoU metric, of the
combination of the complete methods using majority voting, weighted
majority voting, and our approach.

FIGURE 11. Samples of failure cases. Our proposal misclassifies color-fire
objects. (a) Input image. (b) Ground truth. (c) Prema. (d) Dzigal. (e) Our
method.

that our proposal was calculated in precision as 0.823, while
the weighted majority voting scored 0.966, and the Top 1 &
Top 3was calculated as 0.953. Our approach obtained the best
recall of 0.881. In contrast, the majority approach achieved
0.866, and the Top 1 & Top 2 obtained 0.767. Our proposal
obtained an F-measure of 0.815. The majority vote scored
0.762, and the Top 1 & Top 2 obtained 0.776.

Similarly, our proposal overcomes the fusion approaches
in terms of the IoU metric, scoring 0.728. The pair of
methods Top 1 & Top 3 scored 0.661, and the Top 1 &
Top 2 calculated 0.660. According to the previous results, our
proposal performed the best compared to other combination
approaches at the individual rule and method levels.

Although the proposal improves fire pixel segmentation,
our method does not effectively distinguish fire-colored
objects, leading to misclassification of pixels. In Figure 11,
we present some samples of images containing distractors.
We can observe that our proposal fails similarly to the other
methods that misclassify fire-color objects as fire pixels. It is
worth mentioning that a different feature of color is needed
to overcome the limitations of using just color information.

The presented results show that our proposal retrieves a
competitive number of fire pixels without significant loss in

precision. Precision is a metric for assessing the accuracy
of the model in classifying the target class, while the recall
metric assesses the capability of the model to identify
all relevant instances. Contrary to the rule-based models
discussed above, the proposed method realizes a balanced
trade-off between precision and recall, improving overall
performance.

V. CONCLUSION
In this research work, we present a system that combines
various fire-pixel segmentation rules. The proposed method
modifies inequality-based rules into a subtraction operation
to compute a fire map at the gray level. The proposed
approach utilizes fuzzy operators to combine the outcomes of
various rules. Additionally, a genetic algorithm is employed
to fine-tune the rule-based combination model. The combi-
nation model is encoded in a tree structure, with nodes that
can be terminals or functions, leaves that represent terminals,
and a root that represents a function.

The proposed model has been evaluated on the chal-
lenging and widely used CORSICAN dataset, which was
explicitly designed to evaluate fire segmentation models.
Our proposal’s results were compared with four state-of-the-
art fire color models: Prema, Dzigal, Buza, and Nguyen.
Additionally, we evaluate the performance of our approach
alongside two binary label combination strategies: the expert
system technique using majority voting and the weighted
majority voting technique. The results of the test series
indicate that our method outperforms the four individual
methods in the two quantitative metrics used to evaluate our
proposal. Despite our method achieving a higher F-measure,
the precision and recall metrics ranked second. However, our
method’s precision, recall, and F-measure are more balanced
than those of the other methods. In addition, the proposed
method achieves better performance when assessed using
the IoU metric. The majority vote techniques were used to
evaluate the performance of our model. Our method achieved
a higher F-measure and precision, while the recall metric
ranked second. Similarly, our proposed method demonstrates
better performance in the IoU metric.

The rule most commonly used in the models of each
experiment was r1 of the Nguyen method. The background
content of the forest probably supports the use of the r1 rule,
which is expressed as the difference between the R and G
channels. The symmetric sumwas the fuzzy operator that was
used themost frequently in the topmodels of the experiments.
The use of the symmetric sum in the final combination
model suggests that our approach successfully combines the
methods by searching for intermediate values to compensate
for the constraints of using only the maximum and minimum
operators.

Our method improves fire-pixel segmentation by combin-
ing knowledge from various color-based fire-pixel segmenta-
tion models. The resulting combination model is simple and
remains human-comprehensible. However, the performance
of our method is limited by the knowledge available from the
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combined fire models. Therefore, in future research, we aim
to develop a system that designs its features, overcoming
the limitations of color-based features by incorporating
additional characteristics such as texture, movement, and
others.
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