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Abstract
The main objective of this paper is to present a new 2-stage hybrid optimization algorithm
based scheme named PSO-BHA for image enhancement. A parameterized mapping
function and a novel objective function are utilized in this paper to achieve the best-
enhanced images. The suggested scheme combines the merits of particle swarm optimi-
zation (PSO) with the black hole algorithm (BHA) in two sequential stages to find the
best parameters for the mapping function with the aid of the proposed objective function.
The objective function uses contrast, edge, entropy, and universal quality index (UQI) for
measuring contrast, and different improved information in the enhanced image. In the
proposed scheme, PSO is applied first to adjust the tunable parameters of the mapping
function and as a result, new pixel intensities are produced. Then, in the second stage, the
obtained pixel intensities are again passed through the mapping function whose param-
eters are tuned by the use of the BHA. The suggested framework overcomes the
limitations of the traditional histogram equalization (HE) based enhancement techniques
in which excessive contrast enhancement and image information loss can occur. The
suggested method is evaluated on several test images and compared with different state-
of-the-art methods. The results indicate that the proposed framework provides superior
performance to all existing methods in terms of various metrics. The proposed scheme
also contributes to substantial feature enhancement and contrast boosting in the enhanced
image, while retaining the natural feel of the original image.
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1 Introduction

Image enhancement plays a significant role in many real-world applications such as
medical image processing [30], satellite image analysis [6], remote sensing [40], and video
processing [28]. The principal objective of image enhancement is to improve the features,
contrast, and visual perception of the images as several ill factors such as noise, aperture
size, and shutter speed during the image acquisition process adversely affect image quality.
Contrast enhancement improves the visual quality of the images by expanding the intensity
range of the grayscale image. Region of interest (ROI) can be easily observed in a good
contrast image. The major challenge in image quality improvement is to maintain the basic
features of the image and preserve its brightness while performing contrast enhancement
operations [7].

The histogram equalization (HE) [22] technique is one of the most common approaches of
the spatial domain for enhancing the image qualities due to its effectiveness and simpler
implementation. HE utilizes the histogram of the input image and the cumulative density
function (CDF) to map the gray levels of the image to new gray levels. The main problem with
the traditional HE method is that it tends to change the brightness of the image, leading to
undesirable visual artifacts in the enhanced image. Various extensions of HE [10, 35, 37, 63]
have been suggested to overcome the HEs drawbacks, but with limited success.

In addition to these HE-based approaches, image enhancement can also be conducted by
other techniques such as contrast stretching [36, 57], low-pass, high-pass filters [42], the
Retinex model [4], and swift algorithm [3]. However, for a large range of low-contrast images,
such techniques have often struggled to produce satisfactory results. Recently, deep learning
methods [9] have been used to enhance image contrast. Although deep learning-based methods
could produce promising results when considering human preference, the decomposition of
the image is typically difficult to estimate and their implementation time is unsatisfactory.

It is important to highlight that contrast enhancement can not be implemented automatically
without human intervention in the abovementioned methods [29]. One of the key challenges is
the choice of an objective function that increases the contrast of the input image while
maintaining its basic and detailed features. The second major challenge confronting most
contrast enhancement techniques is the adjustment of the parameters for generating a high-
quality image [7]. In this regard, nature-inspired optimization algorithms (NIOAs) have been
utilized to enhance the image contrast automatically. Various optimization-based contrast
enhancement methods have been proposed such as krill herd optimization algorithm (KH)
[30], social spider optimization (SSO) [7], cuckoo search (CS) [29], particle swarm optimiza-
tion (PSO) [24, 45], black hole algorithm (BHA) [56], genetic algorithm (GA) [49], differential
evolution (DE) [19], bat algorithm [20], artificial bee colony (ABC) [11], ant colony optimi-
zation (ACO) [25], and salp swarm algorithm (SSA) [8].

Despite the rapid development of the NIOAs, their success, and widespread application, the
research is still open to new designs and improvements to existing ones due to the duality
between exploitation and exploration capabilities of optimization algorithms. To boost the
capability of the NIOAs, hybridization between different NIOAs is one of the most common
and effective strategies [21]. Several different hybrid metaheuristics have been developed for
image contrast enhancement such as the hybrid of GA, ACO, and simulated annealing (SA)
[27], the hybrid of DE with SA [5], the hybrid of GA with PSO [43], the hybrid of CS with
PSO [58], the hybrid of PSO and artificial immune system [39], the hybrid of PSO with ABC
[41], and the hybrid of KH with PSO [47].
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There is no unique image enhancement technique and its measurement criterion which
satisfies all the necessity and quantitatively judge given image quality [21]. Moreover,
according to the No Free Lunch theorem, no optimization method can beat every other NIOAs
to solve all problems. Motivated by these reasons, a new hybrid scheme based on PSO and
BHA is introduced for image enhancement, as an alternative to existing approaches, aims to
provide better-enhanced images.

PSO is widely used in practical applications due to its simple structure, fast convergence
speed, and high efficiency. However, the PSO easily gets trapped in locally optimal solutions.
To overcome this challenge and increase PSO performance, BHA is selected to combine with
PSO. The primary reason for the use of BHA is that it has remarkable advantages over other
NIOAs such as its ability to avoid local optima, rapid convergence, and its simple and
paramere-free structure [55]. In various optimization concerns, BHA demonstrates superior
performance, but in some datasets, it lacks exploration capabilities.BHA’s hybrid with PSO is
implemented to combine the strengths of two algorithms in order to provide a more powerful
algorithm for image enhancement by striking a good balance between exploration and
exploitation.

This paper provides insight into the development of a hybrid PSO–BHA scheme for
image enhancement. The proposed approach utilizes a global/local transformation function
to produce enhanced images. The transformation function includes several parameters that
heavily affect its performance. The suggested scheme first uses PSO to find optimal values
for the mapping function parameters with the help of a novel fitness function. Then, new
pixel intensity values from the previous stage are passed through the mapping function
once again (remapping), where BHA is explored to find the tunable parameter. The
performance of the suggested framework is verified by 7 test images, and the experimental
results are compared with HE [22], contrast-limited adaptive HE (CLAHE) [10], the
adaptive double plateaus HE (ADPE) [35], piecewise affine HE (PAE or PE) [37], linear
contrast stretching (LCS) [57], the simplest color balanced algorithm (SCB) [36], the
screened Poisson equation (SPE) [42], tuned brightness controlled single-scale retinex
(TBCSSR) [4], Swift [3], PSO [24], BHA [56], and DE-SA [5]. The outcome indicates
that the proposed framework has better performance, both qualitatively and quantitatively,
compared to all existing methods in term of contrast, fitness value, edge details, entropy,
peak signal to noise ratio (PSNR), the universal quality index (UQI), structural similarity
index (SSIM), and mean square error (MSE).

The contribution of this paper is two-fold. First, a two-stage framework based on the
hybrid of two powerful NIOAs (PSO and BHA) is proposed to enhance the images’
quality and contrast. The suggested approach automatically adjusts the transformation
function’s parameters and is suitable for both gray-scale and color images. Second, a
novel fitness function is introduced which is related to contrast, edges, entropy, and UQI.
It allows PSO and BHA to look for the best-enhanced image while providing a good
trade-off between the feature enhancement, contrast boosting and the naturalness of the
image.

The remainder of the study is structured as follows. Section 2 presents an overview of
the related works. Brief overviews of the PSO and BHA are presented in Section 3. In
Section 4, the proposed hybrid PSO-BHA scheme and related modules are discussed.
Section 5 provides the experimental results to illustrate the efficiency of the suggested
scheme as compared to other existing methods. Finally, Section 6 demonstrates the
conclusion.
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2 Literature review

Image enhancement techniques improve the appearance of images for better visual interpre-
tation. They also increase the performance of subsequent tasks, such as computer vision [12,
61], image segmentation [2, 16, 31–34, 44, 50], image processing [13, 18, 38, 51, 52], and
object detection and tracking [14, 15, 17, 62].

Among the various types of contrast enhancement methods, HE based algorithms have
attracted the attention of many researchers. Zuiderveld [63] proposed CLAHE, as a general-
ization of adaptive HE (AHE), to improve low contrast images. CLAHE is one of the most
well-known and powerful techniques that has been applied to a variety of image types.
CLAHE emphasizes the local contrast enhancement, in which the image is divided into small
regions (non-coinciding blocks), and histogram equalization is performed on each block.
CLAHE avoids the problem of large peaks in the histogram by clipping a small portion of
the peak and redistributing the clipped portion uniformly in the other histogram bin. However,
the main drawback of CLAHE is the selection of its parameters, including clip-limit (CL),
block-size, and distribution function. The quality of the enhanced image in CLAHE depends
most on the CL hyperparameter. The improper selection of CL significantly reduces the
quality of the image toward its degradation. Campos et al. [10] used a learning-based
hyperparameter selection method for tuning the CLAHE parameters automatically.

Liang et al. [35] designed an adaptive contrast enhancement technique for infrared images
using double plateaus histogram equalization (ADPE). Double-plateau HE utilizes a lower
threshold value to protect and enhance the details and an upper threshold value to constrain
background noise. A critical issue of double-plateau HE is how to correctly pick these upper
and lower thresholds. ADPE approach calculates and updates these threshold values in real-
time by searching and predicting local maximum and minimum gray intervals according to the
histogram of the infrared image. Lisani et al. [37] used piecewise affine histogram equalization
to enhance the contrast of images. The technique is an optimization of traditional HE, in which
the cumulative histogram is segmented. Then, a piecewise linear transform of the intensity
levels is performed and the segmented cumulative histogram basically changes linearly. To
suppress the noise, the slope of the local affine contrast change is controlled by local
information. Inappropriate adjustment of slope parameter may introduce undesirable artifacts
in the output image. Yang [57] suggested a modified contrast-stretching technique (LCS) to
enhance a non-uniformly illuminated image. The lower frequency and upper-frequency
information are considered for intensity transformation, where lower frequency information
is processed by the conventional manipulation, and the high-frequency information is
overstated by the log transformation. Limare [36] introduced the simplest color balance
algorithm (SCB) to correct the color contrast of the underexposed images or images taken in
artificial lights. The assumption underlying this algorithm is that white should correspond to
the highest Red (R), Green (G), and Blue (B) values observed in the image, and obscurity to
the lowest values. The algorithm simply stretches, as much as it can, the values of the three
channels R, G, and B, so that they occupy the maximal possible range [0, 255], by applying an
affine transform axþ b to each channel. Pixel saturation should be performed before applying
the affine transformation. However, the level of pixel saturation in SCB should be set precisely
in order to prevent the appearance of visual artifacts in the output image. Morel et al. [42]
proposed the screened Poisson equation (SPE) based approach for eliminating the effect of
non-uniform illumination and at the same time retaining the image data. The output of the
algorithm is an image which is the result of applying the screened Poisson equation to each
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color channel separately, followed by an SCB. Al-Ameen and Sulong [4] provided an
improved version of the single-scale Retinex (SSR) algorithm named tuned brightness con-
trolled single-scale Retinex (TBCSSR), which can be used to process the low-contrast CT
images efficiently and overcome the common problems of its standard version. Al-Ameen [3]
also designed a new swift algorithm to enhance the quality of the images. Initially, a non-
complex logarithmic function is applied to attenuate immoderate pixel values as a preprocess-
ing phase. In order to adjust the brightness and contrast, a new non-linear enhancement
function is then applied, which is experimentally developed based on mathematical, statistical,
and spatial knowledge. Finally, to rearrange the image pixels into their natural dynamic range,
a regularization function is applied as a post-processing stage.

Gorai and Ghosh [24] considered image enhancement as an optimization problem and
utilized PSO to solve it. A global/local transformation and objective function based on
entropy and edge information are employed in methodology. The best-enhanced image is
achieved according to fitness function by optimizing the parameter of transformation
function with the help of PSO. In comparison to LCS, HE, and GA, PSO has shown
better performance. Yaghoobi et al. [56] suggested BHA to find the optimal parameter
values for the transformation function. The fitness function again is composed of entropy
and edge information. BHA was selected due to its simplicity, ease of implementation,
and also its invincibility against the parameter tuning issues, and showed better perfor-
mance than LCS, HE, GA, and PSO. Anupriya and Akashtayal [5] combined several
NIOAs into one optimization mechanism to provide a more effective search methodol-
ogy for image enhancement. The comparison between the three hybrid algorithms
including GA-SA, PSO-SA, and DE-SA is made based on the objective evaluation of
the resultant image. It is also shown that the hybrid approach performs better than
individual GA, PSO, and DE.

3 Algorithms background

This section provides background concerning the optimization algorithms.

3.1 Particle swarm optimization (PSO)

PSO [60] is one of the strong global search methods focused on swarm intelligence that is
derived from the behavior of birds swarming. A single individual in PSO is called a particle
and the particle combination constitutes the whole swarm. Each particle in the swarm has
its velocity and position and can fly in the search space. To find an optimal solution in the
swarm, the algorithm looks at each particle to determine the best one in the current swarm
using a fitness function. Then, the whole swarm moves to the best global position. At each
iteration, each particle changes its position according to its new velocity using the follow-
ing equations:

vi t þ 1ð Þ ¼ wixi tð Þ þ c1r1 xipbest � xi tð Þ
� �

þ c2r2 xgbest � xi tð Þ� � ð1Þ

xi t þ 1ð Þ ¼ xi tð Þ þ vi t þ 1ð Þ ð2Þ
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where c1 and c2 are cognitive and social parameters respectively, which are usually set
to 2. r1 and r2 are random values between 0 and 1. wi denotes the selected weighting
factor, and xi tð Þ and xi t þ 1ð Þ represent the locations of the ith particle at iterations t
and t þ 1, respectively. xipbest and xgbest are symbolized the ith particle’s own best
position and the best solution of the entire swarm. Figure 1 shows a general flowchart
of the PSO.

Compared to other NIOAs, PSO has advantages, including simplicity in implementation, a
few numbers of parameters to adjust, fast convergence, and effectiveness in finding global
optima. However, it still suffers from the problem of easy-to-fall-into local convergence, which
motivates us to look for a hybrid technique to further improve the PSO performance.

3.2 Black hole optimization algorithm (BHA)

The BHA [26] is a population-based search method that emulates the phenomenon of the black
holes in the universe. A black hole (BH) is a region of space that hosts an extensive volume of
mass. All the mass of the BH falls into its center, known as the singularity. There is a strong
gravitational force around the BHs singularity, called an event horizon that prevents any
nearby object from escaping [1].

A solution in the BHA is called a star, and the algorithm begins with a random generating
of the stars in the search space. Then, it looks at the all-stars to find the best solution, called
BH. The stars begin moving towards the BH and, consequently, BH starts to absorb them. The
stars’ movement is carried out through the following equation:

xi t þ 1ð Þ ¼ xi tð Þ þ r xBH � xi tð Þ� � ð3Þ

where xi tð Þ and xi t þ 1ð Þ represent the positions of the i th star at iterations t and t þ 1,
respectively. r is a random value between 0 and 1, and xBH denotes the position of the BH in
search space.

In the BHA, if a star reaches a better position when it moves towards the BH, the position of
the star will be chosen as BH. In other words, the BH updates its position and moves to the
location of the star. Moreover, if a star crosses the event horizon of the BH during its
movement, the BH swallows the star and a new star is born randomly. The star disappears

Fig. 1 A flowchart of the PSO algorithm
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from the space solution when its distance from the BH is less than the event horizon radius.
The event horizon radius (R) is calculated by the following equation:

R ¼ f BHPpopsize
i¼1 f i

ð4Þ

where f BH represents the fitness value of the BH, f i denotes the fitness value of the ith star, and
popsize is the total number of stars.

The algorithm continues until a predefined number of iterations. Figure 2 displays a BHA
general flowchart. It is worth noting that we slightly modified the BHA to improve its
performance in this study. In the original algorithm, when a solution falls into BH and
disappears, a new star is generated randomly and the algorithm goes to the position updating
phase. However, in the modified version, when a new star is born in the search space, the
algorithm checks its fitness value immediately. If the newborn star has a better fitness value
than the BH, the algorithm replaces the BH with the new star before going to the position
updating phase. For more details refer to [46].

We were inspired to use the BHA for image enhancement by its remarkable advantages
over other NIOAs including its capability in escaping local optima, fast convergence, simple
and paramere-free structure [55]. BHA shows superior results in different optimization
problems, but it lacks exploration capabilities in some datasets. BHA’s hybrid with PSO is
implemented to boost the strengths of the BHA.

4 The proposed enhancement method

The main objective of this research is to utilize the proposed 2-stage hybrid NIOAs-based
framework as an image enhancement system to find optimal parameter values for an intensity
transformation function using a proposed fitness function. The proposed technique transforms
an image into a visually pleasing one by maximizing the detailed information without
incurring any visual artifact. The complete framework of the proposed method is presented
in Fig. 3.

Fig. 2 A flowchart of the BHA approach
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In this section, the proposed PSO-BHA enhancement scheme is discussed in detail. The
scheme consists of three important components which are the transformation function, the
fitness function, and the search process. The detail of each component is described in the
following.

4.1 Transformation function

For the image quality enhancement task, a transformation function is required to produce a
new intensity value for each pixel of the original image to generate an improved image. The
mapping function considered in this paper employs both the local and global information of
the image, and is defined as:

e i; jð Þ ¼ k:D
σ i; jð Þ þ bð Þ r½ ði; jÞ � c� μði; jÞ� þ μði; jÞa ð5Þ

D ¼ 1

M � N

XM�1

i¼0
:
Xn�1

j¼0
rði; jÞ ð6Þ

μði; jÞ ¼ 1

n� n

Xn�1

i¼0

Xn�1

j¼0
r i; jð Þ ð7Þ

σ i; jð Þ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

n� n

Xn�1

i¼0

Xn�1

j¼0
ðr i; jð Þ � μði; jÞÞ2

r
ð8Þ

Fig. 3 Functional block diagram of the proposed technique
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where rði; jÞ and eði; jÞ denote the intensity values of the ði; jÞth pixels in the reference
image (r) and enhanced image (e), respectively. M � N represents the size of the
reference image. D, μði; jÞ and σ i; jð Þ denote global mean, local mean, and local
standard deviation of ði; jÞth pixel of reference image over a n� n window,
respectively [47, 59].

In the transformation function, four parameters a; b; c, and k need to be optimized. They
strongly influence the performance of the transformation function in producing enhanced
images. The ranges of these parameters are set to a 2 0; 1:5½ �, b 2 0; 0:5½ �, c 2 0; 1½ � and k
2 ½0:5; 1:5� in this study. In order to obtain an improved image with minimal computation,
NIOAs can be adopted to search for the optimal values of the transformation parameters. In the
following subsections, the process of setting these parameters using the PSO –BHA scheme is
described.

4.2 Fitness function

In order to solve the NIOAs-based image enhancement problem, a fitness function is
essential to measure the level of improvement in an image without any human interven-
tion. A Fitness function is a mathematical expression used to evaluate the relative
effectiveness of potential solutions. In optimization-based enhancement, the design of
the fitness function is very critical as the desired performance depends heavily on the
fitness function.

In this paper, a new fitness function is proposed to aid optimization algorithms in finding
the optimum values for tunable parameters and thus providing better-enhanced images. Four
objective parameters, including contrast (C), entropy (H), edge information (E), and UQI, are
involved in the proposed fitness function (F ). The fitness function for the given problem is
defined as

F eð Þ ¼ 0:5� UQI eð Þ � E eð Þ þ H Ieð Þð Þ � C eð Þ ð9Þ

where r and e denote reference (original) image and enhanced image, respectively.
The gray level co-occurrence matrix (GLCM) is one of the statistical approaches which is

used for texture analysis in order to identify regions of interest in an image [30]. The GLCM is

generated in the horizontal and vertical directions and ði; jÞth entry of this matrix is expressed
as:

G i; jð Þ ¼
XX�1

i¼0

XY�1

j¼0

@ x; yð Þ@ x; yð Þ ¼ 1;
1ife x; yð Þ ¼ iande x; yþ 1ð Þ ¼ j
ande x; yð Þ ¼ iande xþ 1; yð Þ ¼ j

0; otherwise

(
ð10Þ

where ðx; yÞ represents the pixel coordinate in enhanced image e. The Contrast property can be
derived from GLCM using the following equation:

C ¼
X
i;j

i� jj j2 � Gði; jÞPX�1
i¼0

PY�1
j¼0 G i; jð Þ ð11Þ
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In Eq. 9, E eð Þ denotes the number of edge pixels in the enhanced image. This value is
expected to be high in high-quality images. In this study, the Sobel edge detector was
used to calculate the corner intensities. The number of the edge pixels in the obtained
Sobel edge image is determined by counting the number of pixels whose intensity value
is equal to one.

E eð Þ ¼
X
i;j¼1

ð
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
g2x þ g2y

q
Þ ð12Þ

where

gx ¼
þ1 0 � 1
þ2 0 � 2
þ1 0 � 1

2
4

3
5*e; gy ¼ þ1 þ 2 þ 1

0 0 0
�1 � 2 � 1

2
4

3
5*e

The third term in the fitness function is H eð Þ which represents the entropy of the enhanced
image and define as follows:

H eð Þ ¼ �
X
8i

pe ið Þlog2 pe ið Þð Þ ð13Þ

The UQI , the fourth term of the suggested fitness function, is used as an image quality
distortion measure. It is characterized mathematically by modeling the distortion of the
image relative to the reference image as a combination of three factors: correlation loss,
distortion of luminance, and distortion of contrast [54]. Considering reference and
enhanced images as r and e, the UQI can be calculated as a product of three components,
which is formulated as

UQIðr; eÞ ¼ σre
σrσe

	 

� 2μrμe

μrð Þ2 þ μeð Þ2
 !

� 2σrσe
σr

2 þ σe
2

	 


¼ 4μrμeσre
μr

2 þ μe
2ð Þðσr2 þ σe2Þ ð14Þ

where

μr ¼ 1
MN

PM�1
i¼0

PN�1
j¼0 r i; jð Þ;μe ¼ 1

MN

PM�1
i¼0

PN�1
j¼0 e i; jð Þ

σ2
r ¼ 1

MþN�1

PM�1
i¼0

PN�1
j¼0 ðr i; jð Þ � μrÞ2;σ2

e ¼ 1
MþN�1

PM�1
i¼0

PN�1
j¼0 ðe i; jð Þ � μeÞ2

σre ¼ 1
MþN�1

PM�1
i¼0

PN�1
j¼0 ðr i; jð Þ � μrÞðe i; jð Þ � μeÞ

We apply the sliding window technique across local regions to use this quality index to 2D
images. Beginning from the image’s top-left corner, the window n� n slides through all rows
and columns until it hits the image’s bottom right corner. The calculated local quality index
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UQIj is then combined to form the whole imageUQI. If the total number of sliding steps isM,

the overall UQI is determined using Eq. 15.

UQI ¼ 1

M

XM

j¼1
UQIj ð15Þ

It is worth noting that the 0.5 value is used to balance the impact ofUQI on the fitness function
formula

4.3 Detailed steps of the proposed PSO/BHA-based scheme

The proposed scheme for image enhancement is composed of two stages: the PSO-based
enhancement stage and the BHA-based enhancement stage, as depicted in Fig. 3. A step-by-
step procedure of the suggested scheme is summarized as follows, pseudo-code is given in
Algorithm 1.

Stage I PSO-based enhancement
Step 1 An input image rwith low contrast is taken. If ris a grayscale image, it is
directly used, whereas if it is a color image, HSV color space is adapted. HSV
separates the information of the image into hue (H), saturation (S), and value
(V) channels. V channel is considered since enhancing the V- channel does not
change the original color of pixels [48]. The size of the input image isM � N.

Step 2 A random set of values for 4 parameters ða; b; c; kÞ of the transformation function
be generated, following uniform probability distribution. The parameters are under
boundary constraints which were mentioned in the 4.1 section. These random values
are used to initialize the particle’s position in the search space.
Step 3 Each particle generates an enhanced image by putting these candidate values in the
mapping function (Eq. 5). The quality of the enhanced image is evaluated by the fitness
function (Eq. 9).
Step 4 According to Eqs. 1 and 2 the position and velocity of particles are updated at each
iteration. The algorithm is terminated after reaching a predefined number of iterations,
and the best value for a; b; c, and k is reported.
Step 5 Using the best solution, final pixel intensity values are obtained.

Stage II BHA-based enhancement
Step 1 The enhanced image obtained from the first stage is considered for
processing in the second stage.

Step 2Again, random values for parametersa; b; c, andk from uniform distribution will be
generated, which are utilized to initialize the position of the stars in the population.
Step 3 Each star provides candidate parameter values for the mapping function (Eq. 5)
which gives an enhanced image. To assess the quality of the enhanced image, the fitness
function (Eq. 9) is used.
Step 4 The positions of the stars are updated at each iteration according to Eq. 3. Upon
completing a predefined number of iterations, the algorithm is finished, and the best
values for a; b; c, and k is provided.
Step 5 The final enhanced image is given using the best-reported solution.

Algorithm 1 PSO-BHA based image enhancement scheme
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Stage I: PSO

01
Initialize the particle's position ( = 1,2, … , ) and corresponding velocities randomly. The position of 

each particle has four components , , , and , which are initialized with random values within their 

range.
02 While ( < maximum iteration) do
03 for = 1: population size do
04 Generate enhanced image using Eq. 5 and 

05 Compute the fitness value of the particle using Eq. 9
06 if the fitness value of  > fitness value of then
07 =

08 end if 
09 end for
10 compute the best solution in the population as 

11 if the fitness value of  > fitness value of then
12 =

13 end if
14 for = 1: population size do
15 Update the velocity of each particle using Eq. 1

16 Update the position of each particle using Eq. 2

17 end for
18 end while
19 Output: (best values for parameters , , , and )

Generate improved image using Eq. 5 and . Then, utilize it as the input image of BHA

Stage II: BHA
20 Initialize the stars population ( = 1,2,… , ) randomly and 
21 for = 1: population size do
22 Generate enhanced image using Eq. 5 and 
23 Compute the fitness value of the star using Eq. 9
24 end for
25 set the best solution in the population as the Black Hole 
26 While ( < maximum iteration) do
27 for = 1: population size do
28 Update the position of each star using Eq. 3
29 Generate enhanced image using Eq. 5 and 
30 Compute the fitness value of the star using Eq. 9
31 if the fitness value of  >  fitness value of then
32 =

33 end if 
34 Calculate the radius of the event horizon ( ) using Eq. 4

35 if ( − ) < Then 
36 Remove the star and generate a new star

37 if the fitness value of new >  fitness value of then
38 =
39 end if
40 end if
41 end for
42 end while                 
43 Output: (best values for parameters , , , and )

Generate final enhanced image using Eq. 5 and 

5 Experimental results

Five grayscale and two color test images from the Kodak dataset [53], named “Priate”, “Jet
Plane”, “Walkbridge”, “lake”, “Woman blonde”, “Kodim21”, and “Kodim9” were used to
evaluate the efficiency of the suggested framework. The proposed approach is tested against
twelve well-known conventional and state-of-the-art image enhancement techniques including
HE [22], CLAHE [10], ADPE [35], PAE [37], LCS [57], SCB [36], SPE [42], TBCSSR [4],
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Swift [3], PSO [24], BHA [56], and DE-SA [5]. The suggested algorithm was implemented
using MATLAB 2019a and all the experiments were conducted on a system having a 2.4 GHz
Intel Core i5 processor with 8 GB RAM. The parameter setting for different techniques is
provided in Table 1.

5.1 Quality evaluation metrics

To compare the quantitative results of state-of-the-art algorithms with the proposed scheme,
eight image quality assessment (IQA) metrics are used, whose details are given in Table 2.
These standard and well-known metrics for comparison purposes are contrast, fitness value,
Edge details, entropy, PSNR, UQI, SSIM, and MSE, which provide support to qualitative
analysis. A higher value of entropy, PNSR, SSIM, and UQI implies richer details and better
performance, while a lower value of MSE means the image quality is better. For more details
on IQA metrics refer to [23].

Table 1 Parameter setting of different enhancement techniques

Algorithm parameter Assigned values

Equalize Piecewise N 10
PSO-BHA Number of solutions, Maximum number of iterations 35, 35

c1 and c2 0.5
DE-SA Number of solutions, Maximum number of iterations,

Initial Weighting Factor (F), crossover rate (CR)
35,35
0.5,0.2

Balance Simplest saturates Sleft, Sright 3
Swift r 1.5
TBCSS-Retinex beta 4

Table 2 Different IQA metrics to evaluate the efficiency of the proposed method

Parameters Formula Remarks

Contrast C ¼Pi;j i� jj j2 � Gði;jÞPX�1

i¼0

PY�1

j¼0
G i;jð Þ

Contrast computed by Gray-Level Co--
Occurrence Matrix (GLCM)

Entropy H eð Þ ¼ �P8i pe ið Þlog2 pe ið Þð Þ Quantifies the information contained in the
image.

Edges
details

E eð Þ ¼Pi;j¼1 ð
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
g2x þ g2y

q
Þ Sobel edge detection is utilized to count edge

pixels
MSE MSEðr; eÞ ¼ 1

MN

PM�1
i¼1

PN�1
j¼1 rð ði; jÞ � eði; jÞÞ2 r and e denote the reference and enhanced

images respectively, MN is the size of the
image.

SNPR PSNRðr; eÞ ¼ 10log10
ðL�1Þ2
MSEðr;eÞ
� �

L is a dynamic range of pixel values (256 for
8-bit grayscale images).

SSIM SSIM r; eð Þ ¼ 2μrμeþC1ð Þ 2σreþC2ð Þ
μr

2þμe
2þC1ð Þ σr2þσe2þC2ð Þ Compare the enhanced image eð Þ structures with

the reference image (rÞ.
UQI UQIðr; eÞ ¼ 4μrμeσre

μr
2þμe

2ð Þðσr2þσe2Þ
Measure image similarity across distortion

where
• μr ¼ 1

MN

PM�1
i¼0

PN�1
j¼0 r i; jð Þ, μe ¼ 1

MN

PM�1
i¼0

PN�1
j¼0 e i; jð Þ

• σ2r ¼ 1
MþN�1

PM�1
i¼0

PN�1
j¼0 ðr i; jð Þ � μrÞ2, σ2e ¼ 1

MþN�1

PM�1
i¼0

PN�1
j¼0 ðe i; jð Þ � μeÞ2

• σre ¼ 1
MN�1

PM�1
i¼0

PN�1
j¼0 ðr i; jð Þ � μrÞðe i; jð Þ � μeÞ
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Fig. 4 Simulation result for (a) Priate, (b) Jet Plane, (c) Walkbridge, (d) lake, (e) Woman blonde, (f) Kodim21,
and (g) Kodim9 images using HE [22], CLAHE [10], ADPE [35], PAE [37], LCS [57], SCB [36], SPE [42],
TBCSSR [4], Swift [3], PSO [24], BHA [56], DE-SA [5], and the proposed scheme
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5.2 Qualitative and quantitative analysis

The illustration from Fig. 4 is representing the result of the seven test images processed by
different state-of-art techniques and the proposed PSO-BHA-based scheme. As can be seen
from this figure, the suggested method outperforms existing image enhancement methods by
obtaining the best visual image quality.

Figure 5 presents the original images (left), their corresponding histogram, and the enhanced
images obtained for each test image (right) by using our proposed scheme. In Fig. 5, we can see

Fig. 5 Result of proposed PSO-BHA enhancement technique: (Left) histogram of original image, (right)
histogram of enhanced image
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that the contrast of the input image is improved. This figure also demonstrates the distinction
between the input image and the enhanced image histograms. There is a flat (ideally uniform)
histogram in the high contrast image. Compared to the original image, the histogram of all the
enhanced images is much flatter (denoting a more uniform distribution of the intensity).

Quantitative evaluation of the enhancement is required in addition to subjective visual
quality assessment. Table 3 demonstrates the contrast values obtained from the various
methods. It enables us to assess the proposed method from an objective point of view. Contrast
is a co-occurrence matrix descriptor, and in enhanced images, high contrast value is a required
feature. It is observed that the suggested technique meets this feature. The repeatability and
reliability of the proposed algorithm can be seen in Table 4, which shows the average fitness
and standard deviation (STD) values for five independent runs. The suggested algorithm yields
a low standard deviation which means that our proposed method is stable.

Table 5 demonstrates an increase in edges and visual understanding of the enhanced images.
The process of increasing fitness for different test images over 35 iterations has been included in
Fig. 6. This figure shows the robustness of the algorithm during the set optimization cycle in
increasing fitness. Entropy is also used to assess the content of the image, and a higher value
provides a more comprehensive image. The entropy values for distinct techniques of all sample
images are represented in Table 6. From this table, we can see that the suggested technique can
improve the information in images by increasing the entropy and ranked second after CLAHE.

The other objective quantitative measurements that we used in this study are the PSNR and
SSIM. The PNSR and SSIM results are presented in Tables 7 and 8, respectively. The
enhancement techniques should generate higher values for PSNR and SSIM than with respect
to the input image. A higher PSNR and SSIM value indicates a higher quality image.
Considering these two metrics, the quality of the processed image is well enhanced with
regard to the original image using the proposed framework. The measured UQI, an extremely
suitable metric for evaluating the efficiency of an algorithm, is illustrated in Table 9. The UQI
values show that the suggested PSO-BHA algorithm has a good upper hand over the other
enhancement techniques consistent with all the test images taken into account.

TheMSE in Table 10 gives so small value to the proposed PSO-BHA approach, indicating its
effectiveness in optimizing the parameters used in the intensity transformation process. The
repeatability of the suggested algorithm can be observed in Fig. 7. This figure shows the obtained
average transformation function results for every 35 algorithm runs for each sample image. As
demonstrated, in separate runs, the resulting transfer functions have almost the same shapes.

In the term of computational running time, the suggested technique required more execu-
tion time than conventional techniques, since the processing time for NIOA based techniques
is expected to be high due to iterations required for global convergence. The calculation times
of our trials and their respective characteristics have been reported in Table 11.

Overall, it is clear that the result of the proposed 2-stage hybrid scheme based on BHA and
PSO is better since the overall performance of numerical parameters like PSNR, SSIM, UQI,
entropy, and contrast produce higher values, while MSE produces lower values when

Table 4 Average fitness and STD values obtained using the proposed algorithm

image Pirate Jet Plane Walk bridge lake Woman blonde Kodim21 Kodim09

AVG 278.73 318.61 237.05 319.02 294.27 422.36 468.82
STD 1.26 2.22 1.54 3.65 1.00 1.49 0.93
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compared with other techniques. This can be confirmed by observing Fig. 5, illustrating the
overall performance of the enhancement techniques on each image. Figure 8 is a graphical
representation of the experimental results shown in Tables 2, 5, 6, 7, 8 and 9. The proposed
scheme also shows preservation of the natural feel of the original images without introducing
undesired artifacts on enhanced images.

Priate Jet Plane

Walk Bridge Lake

Woman blonde 
Kodim21 

Kodim09 

Fig. 6 Fitness evaluation of test images during the progress of the proposed scheme
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6 Conclusions

In this paper, the gray level image enhancement problem has been considered and solved
through a 2-stage hybrid NIOAs-based framework. The central idea of the framework is to
explore PSO and BHA in two sequential phases to adjust the parameters of a local/global

Priate Jet Plane

Walk Bridge Lake

Woman blonde 
Kodim21 

Kodim09 

Fig. 7 Average transformed function obtained from each of the 35 times run of the suggested algorithm
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enhancement mapping function in order to improve image quality and increase contrast. In the
first stage, PSO uses a new fitness function to find the optimal parameter values for the
mapping function. The proposed fitness function considers contrast, edge, entropy, and UQI of
the enhanced images to measure the level of improvement. The suggested fitness function
provides a good trade-off between feature enhancement, contrast boosting, brightness preser-
vation, and the naturalness of the image. Then in the second stage, those intensities from the
previous stage are again passed through the mapping function, in which BHA is used to tune
the mapping function’s parameters. To illustrate the effectiveness of the suggested scheme, it is

Fig. 8 Quality performance graphs for each image using different methods

Table 11 Processing time for each resized test image (0.2)

image Size BHA
Duration(seconds)

PSO
Duration(seconds)

Hybrid PSO-BHA
Duration(seconds)

Iterations

Pirate 512×512 59.84 89 140 35
Jet Plane 512×512×2 63.34 97.11 164.59 35
Walk bridge 512×512×2 62.76 98.99 153.88 35
lake 512×512×2 62.53 94.84 154.39 35
woman blonde 512×512 62.27 100.60 166.59 35
Kodim21 512×768 93.53 177.31 212.57 35
Kodim09 768×512 90.36 139.53 217.79 35
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compared with well-known different HE-based, NIOA-based, and standard enhancement
techniques: HE, CLAHE, ADPE, PAE, PSO, BHA, DE-SA, LCS, SCB, SPE, TBCSSR,
and Swift. From the analysis of the experimental results, it is concluded that the proposed
optimization-based technique achieves better enhancement results as compared with all
existing methods for almost all test images with respect to various image quality assessment
metrics: edge details, contrast, entropy, PSNR, UQI, SSIM, and MSE.

We remark that unlike traditional HE-based approaches that suffer from the presence of
excessive contrast, offset intensity artifacts, and degraded visual quality in the enhanced image,
the proposed hybrid scheme provides better-enhanced images without introducing artifacts.
Although the proposed scheme overcomes the drawbacks of conventional HE-based ap-
proaches, it can lead to over-enhanced images if the number of iteration in optimization
algorithms are not precisely adjusted.

As future works, the first stage of the hybrid system can be replaced by different filter
methods to achieve better enhancement performance. The suggested scheme’s performance
can also be examined on various types of images such as medical images, satellite images,
underwater images, and infrared images using different fitness functions. Moreover, the
gamma coefficient in the Gamma correction enhancement method or constraint parameters
in HE-based methods can be optimized using the hybrid PSO/BHA approach.
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