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Abstract
Image enhancement is the process of enhancing specific aspects of an image, such as its borders or contrast. The procedure of
restoring a destroyed image is known as image restoration. Amultitude of factors, such as low camera resolution, motion blur,
noise, and others, can cause images to degrade throughout the acquisition process. Although image restoration techniques
can remove haze from a degraded image, they are problematic for use in a real-time system since they necessitate numerous
photographs from the same location. The suggested fractional Jaya Bat algorithm (FJBA) provides picture enhancement and
blur pixel identification to address this issue. Firstly, the blur pixel identification is done using a deep residual network (DRN)
trained with FJBA considering blurry image. FJBA is created by combining the Jaya Bat algorithm (JBA) and fractional notion
(FC). Furthermore, a blurred image is deblurred using a fusion convolutional neural network (CNN) approach tuned through
Pelican hunter optimization (PHO). PHO stands for Pelican optimization (PO) and hunter prey optimization (HPO). Lastly, the
image is enhanced using the neural fuzzy system (NFS) and the image enhancement conditional generative adversarial network
(IE-CGAN), which has been fine-tuned using FJBA. The proposed FJBA-NFS-IE-CGAN provided enhanced performance
with the highest PSNR of 50.536 dB, SDME of 60.724 dB, and SSIM of 0.963, respectively.

Keywords Blur pixel identification · Deep learning · Image restoration · Neuro-fuzzy system · Image enhancement

1 Introduction

Different kinds of image degradations, such as defocus blur,
turbulence in the atmosphere, and motion blur affect the
imaging systems. Each of these drastically lowers the visual
quality. To improve the performance of imaging systems, it is
crucial to create techniques for regaining roughly concealed
images from blurry ones. Such techniques will have a wide
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range of applications in numerous fields. Yet, the subject of
blur reduction is a notoriously vague inverse problem that
has baffled academics for decades [1]. Blurred images can
be analyzed using a point spread function (PSF). The PSF
explains how a point source or object spreads throughout an
image and mimics how the imaging equipment catches the
point source or object. Themotion length, defocus radius, and
turbulence degree are typically the factors that can be used to
turn the PSF into a parametric model [2]. The stationary PSF
model is unsuitable in the majority of realistic cases because
of the prolonged depth of field [3], anisotropic optical lens
aberrations from moving objects or cameras [4], and atmo-
spheric turbulence. A so-called spatially variable blur results
from these kinds of image degradation. Recovery of a PSF
map that describes the blur kernel at each place of the spatial
plane is then required for PSF identification [5, 6]. Image
degradations of different degrees are frequently created as
part of the acquisition process due to the physical limits of
cameras or because of complex lighting circumstances. For
instance, smartphone cameras have tiny sensors, a limited
aperture, and a constrained dynamic range. They frequently
produce noisy and low-contrast images as a result [7].
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The main objective of image enhancement is to deliver
better input for automatic image processing as well as bet-
ter data comprehension for human users [8]. It has been
noted that image enhancement is a challenging technique to
enhance the visual appeal of the image or provide enhanced
transformmodeling for the next automatic image processing.
Many methods for improving images have been developed,
some of which are based on the improvement of the gray-
level histogram, while others are based on edge evaluation,
local contrast transformation, or global entropy transforma-
tion. This is because strategies for picture enhancement are
designed using standards for image quality [9]. The pro-
cess of enhancing a picture consists of techniques that aid
in changing the image for evaluation while enhancing aes-
thetic appeal. The intention is to make parameters better so
that they are appropriate for a given task [10].

Due to the recent rapid progress of deep learning algo-
rithms, numerous computer vision applications for connected
autonomous vehicles (CAVs) and advanced driver assistance
systems (ADASs) have been developed. These applications
primarily concentrate on surveillance systems, semantic seg-
mentation, object detection, object categorization, and object
identification [11]. However, they can only be used during the
day and in clear weather because the majority of computer
vision programs in use today are based on visible light cam-
eras. As a result, even the most advanced models cannot be
used to analyze images taken at night [12]. At night, it is chal-
lenging to separate target objects from the backdrop because
of the ease with which the contour and appearance features
of traffic participants get distorted. In light of this, restoring
details of low-light photographs is a difficult undertaking,
particularly for rural low-light images. Deep learning-based
algorithms have demonstrated outstanding success in pic-
ture enhancement applications more recently, driven by big
datasets and the increase in calculation skills [13]. All of
these methods, nevertheless, were limited to using external
light sources in low-light conditions. Since those accidents
are more likely to occur when driving at night in rural regions
without street lighting, an image improvementmodel that can
handle darker conditions is necessary [14].

The aim is to develop an approach for identifying blurry
pixels and image enhancement. The process used for iden-
tifying blurry pixels and enhancing the image is illustrated.
The input image is initially subjected to the identification of a
blurred pixel map which is discovered with DRN. The DRN
is trained based on FJBA, which is a combination of FC and
JBA.Moreover, the images are deblurring using fusion CNN
which is tuned by PHO. Additionally, PHO is newly devised
through the integration of PO and HPO. After blur pixel map
determination, the blurry pixel enhancement is carried out
with the statistical technique. Then, the enhancement of the
image is performedwith a neuro-fuzzymodel and IE-CGAN,
which is trained with the proposed FJBA.

The key contribution of the paper is given below.

• Established FJBA_NFS-IE-CGAN for image restoration:
The proposed FJBA-based IE-CGAN and NFS are used to
generate the enhanced image. To create the restored image,
several upgraded images are joined. In this instance, the
IE-CGAN training is carried out using a designed FJBA,
which was created by fusing FC and JBA.

Below are the remaining sections: The traditional meth-
ods of image restoration and their merits and demerits are
described in Sect. 2. An image restoration model is illus-
trated in Sect. 3. The effectiveness of the developed model
is presented in Sect. 4, and the conclusion is developed in
Sect. 5.

2 Literature survey

At night, it is challenging to identify target objects from the
background because of to ease with which the contour and
appearance features of traffic participants blend. As a result,
recovering the details of low-light photographs is a challeng-
ing task, especially for rural low-light images.

Here the eight conventional approaches for restoring
images are discussed along with their benefits and draw-
backs. Zhang et al. [15] developed an efficient method named
residual dense network (RDN) for image restoration. In this
case, the residual dense block (RDB) served as the funda-
mental building block for RDN, which benefited from the
merging of local and global features to gain very potent repre-
sentational capabilities. RDN provided a favorable trade-off
between model size and performance by utilizing fewer net-
work parameters than residual network while outperforming
dense network. Based on the scant input data, RDN was
unable to recover comparable textures. Chang et al. [16]
created the long-short-exposure fusion network (LSFNet)
to address the issues with low-light picture fusion, such as
high noise, motion blur, color distortion, and misalignment.
Here, the technique used the complimentary data from pho-
tos taken under short and long exposures. Since the acquired
photographs were of poor quality, the supplementary data
was not taken into account. Yang et al. [2] devised a method
named general regression neural network (GRNN) for blur
image recognition. Even though there were a lot of inputs,
the GRNN’s advantages in this situation were quick learn-
ing and convergence. However, the primary drawback of the
GRNNwas its enormous size, which necessitated costly cal-
culations. Huang and Xia [17] introduced a joint blur kernel
estimation and CNN method for blind image restoration.
In this case, the hybrid blur kernel estimation and CNN
approach outperformed traditional blind picture restoration
techniques in terms of restoration quality and processing
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speed. Nevertheless, this method’s cost function was non-
convex.

Huang et al. [6] devised a 1D state-spacemodel to describe
the statistical dependence among the neighboring kernels.
Here, this method unlocked a wide range of opportunities
outside of the work. As an illustration, various noise dis-
tributions were utilized right away. Markovian state-space
models and other alternatives were not taken into account.
Wang [18] established a new wavelet transform-based image
restoration technique for national parks. Using the similari-
ties and differences of the original image as a starting point,
the wavelet transform-based image enhancement technique
used in this case, which was based on the wavelet trans-
form approach, evaluated and fused many images to restore
the original image. This method was unable to enhance the
overall enhancing effect. Zamir et al. [7] introducedMIRNet-
v2 for fast image restoration and enhancement. Less time
was required for training using this strategy. However, this
method did not take into account more useful elements for
improving image restoration. Panetta et al. [19] introduced
a deep perceptual image enhancement network (DPIENet)
for exposure restoration. Here, DPIENet was used to get
rid of artifacts that can arise with a few existing techniques,
like halo effects, noise amplification in dark areas, and arti-
ficial color production. Super-resolution, image recoloring,
and denoising were only a few of the low-level computer
vision tasks for which the system’s accuracy was regrettably
not examined.

3 Proposed fractional Jaya Bat
algorithm_neural fuzzy system image
enhancement conditional generative
adversarial network (FJBA_NFS-IE-CGAN)
for image restoration

An image’s edges or contrast are sharpened during the pro-
cess of image enhancement to produce a graphic display that
is suitable for study and display. It is applied to enhance
visual quality. Moreover, it helps to enhance low-level vision
applications. Image restoration is the process of restoring
damaged images. Motion blur, poor resolution, and noise
are a few examples of corruption’s emergence. The limited
resolution of the camera, motion blur, noise, and other fac-
tors can occasionally cause photos to be degraded throughout
the acquisition process. Even though image restoration tech-
niques can successfully remove the haze from a degraded
image, they require a large number of photographs from the
same area, making it hard to employ them in a real-time
system. To bridge this gap, an image enhancement and blur
pixel identification enabled by the proposed FJBA is intro-
duced. Initially, the input blurry image which is specified

in the dataset [20] is fed up to the blurred pixel identifica-
tion. After that, the blur pixel identification is done utilizing
DRN, which is trained using FJBA. Here, FJBA is obtained
by the combination of JBA [21] and FC [22]. Moreover, the
blurred image is subjected to the deblurring phase by the
fusion CNN method, which is tuned employing PHO. Here,
PHO is the integration of PO [23] and HPO [24]. Finally,
the image enhancement is accomplished by NFS [25] and
IE-CGAN [26], which is finely tuned using FJBA. Figure 1
demonstrates a block diagram of the proposed FJBA_NFS-
IE-CGAN for image restoration.

3.1 Image acquisition

Consider image-enhanced input images obtained from a
dataset. Assume a database R that contains b photographs
and is represented as

R � {η1, η2, . . . , ηm , . . . , ηb} (1)

Here, the total number of images is represented as b, the
database is denoted as R, and ηm illustrates mth image. Sev-
eral image components are corrupted, and the pixels that
remain are labeled as blur-free. Due to the complexity of
the newly discovered noisy pixels, the DRN was created to
assist in finding them by modifying the image’s surrounding
area.

3.2 Blur pixel identification

To recognize the blurred pixel map, the DRN is modified.
The prediction map for image pixels is produced using the
DRN [27]. Here, DRN creates a prediction map based on the
input image. With increased precision, DRN is employed to
assess visual imagery. It has its challenges and helps in fin-
ishing difficult computer vision jobs. It also helps to resolve
to explode and vanish gradients when there are several layers
added. Here, the DRN is trained by the FJBA algorithm.

To identify the noisy pixel map, the image ηm is used as
an input to DRN. A decision on the blurry pixel map finding
is made using the DRN [27], which has been modified to
produce effective decisions.

The input image taken into consideration, in this case, has
a center normalization of zero and it is 32×32×3 size. In this
case, the output is indicated as ηS , which helps in identifying
noisy pixel maps.

3.2.1 Training of DRN with FJBA for image restoration

The FJBA algorithm, which was created for blur pixel recog-
nition, is briefly explained in this section. The developed
FJBA is newly devised by the integration of the fractional
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Fig. 1 Block diagram of FJBA_NFS- IE-CGAN for image restoration

concept [28] and JBO [21]. Moreover, JBO is the combina-
tion of the Jaya optimization algorithm (JOA) [29] and the bat
algorithm (BA) [30]. Creating a hybrid Jaya Bat algorithm
[21] is driven by the desire to combine the finest aspects of
both algorithms. The basic concept is to update the Jaya parti-
cle’s location, adjust frequencies, update bats’ velocities and
positions, and acquire the current best andworst solutions for
both algorithms. The BA [30] is inspired by the microbats’
echolocation traits. This technique is particularly effective
in producing enhanced features to address multi-objective
optimization issues. Furthermore, it can resolve difficult con-
strained highly nonlinear problems. Jaya [29] is carried out
using candidate solutions, and this structure operates regard-
less of any parameters. Due to its singular phase of operation,
the Jaya algorithm is easier to use. The features are com-
bined using a fractional idea, which is then used to organize
the features using fractional calculus [28]. The FC is used to
assess the best solution based on the previous iterations and

is designed to acquire the sequential features. The improve-
ment makes the solution update more effective and raises the
effectiveness of the suggested optimization procedure. The
following sections provide descriptions of each of the several
algorithmic steps that comprise the DRN training procedure.

Step (i): Initialization

Initialization is the primary stage, which is signified by F
with l number of solutions.

F � {
D1, D2, . . . , Dj , . . . , Dl

}
(2)

wherein Dj refers to jth solution, l represents a total solution
in the database, and F indicates database.

Step (ii): Evaluating fitness function
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The fitness function employs the error function to deter-
mine the best course of action, as seen in Eq. (3) below.

MSEfit � 1

P

P∑

S�1

[
η∗
S − ηS

]2 (3)

Here, the total number of training samples is indicated as
P , ηS is the classified output, and targeted output is signified
as η∗

S .

Step (iii): Integration of FC and JBA

The solution is updatedwith its location using the bat algo-
rithm after the objective function has been computed. The
standard equation of the FC algorithm is also incorporated
into the standard equation of the JBA algorithm to reduce
optimization problems and improve algorithm performance.
The JBA update equation is written as to increase overall
performance.

Ew
℘+1 �

Gw
℘+1 J1 +

[
T0 + T1(Ew

℘−1 + ϒ(Ew
℘−1)) + T2(Ew

℘−2 + ϒ(Ew
℘−2))

]

(℘1 − (1 + J2) · nw) + J2Eworstnw

℘1 − nw

(4)

Applying fractional concept [28], the update Eq. (4) of
location is articulated as,

U δ
[
Ew

℘+1

]
� 1

℘1 − nw

×
[
Gw

℘+1 J1 +
[
T0 + T1(Ew

℘−1 + ϒ(Ew
℘−1)) + T2(Ew

℘−2 + ϒ(Ew
℘−2))

]

(℘1 − (1 + J2) · nw) + J2Eworstnw

]

(5)

Ew
℘+1 � 1

℘1 − nw

×
[
Gw

℘+1 J1 +
[
T0 + T1(Ew

℘−1 + ϒ(Ew
℘−1)) + T2(Ew

℘−2 + ϒ(Ew
℘−2))

]

(℘1 − (1 + J2) · nw) + J2Eworstnw

]

+ δUw
℘ +

1

2
δUw

℘−1 +
1

6
(1 − δ)Ew

℘−2

+
1

24
δ(1 − δ)(2 − δ)Uw

℘−3 (6)

Here, ϒ(Ew
℘−1) signifies fitness value wth variable at

℘ −1,ϒ(Ew
℘−2) signifies fitness valuewth variable at℘ −2,

unknown parameter vector is represented as T0, arbitrary
numbers ranging numbers (0, 1) random vector between
(0, 1) denoted as ϒ , and worst candidate solution is denoted
as Eworst.

Step (iv): Re-evaluating the fitness

After the updating procedure is complete, Eq. (3) is used
to determine the fault. For image enhancement, the solution
with the minimum fault is utilized.

Step (v): Termination

The aforementioned procedures are repeatedly carried out
until the termination condition is satisfied.

3.3 Deblurring by fusion CNN

The image ηS marked as blurry from the blur detection pro-
cess is deblurred using the fusion CNN classifier [31]. The
PHO method is used by the fusion CNN classifier and is
highly effective. The advantage of PO is its excellent ability
to explore a wide area in the realm of problem-solving and
its power to discover the optimal local site. Nine real-world
issues are used to evaluate the benefit of HPO. As a result,
the PO and HPO algorithms are integrated to offer a good
way to address optimization problems.

The output obtained from fusion CNN is ňd .

3.3.1 Training of fusion CNN

The fusion CNN is tuned using an established PHO algo-
rithm for deblurring the frame. For effective deblurring of the
frame, the designed PHO algorithm incorporates the fertility
evaluation of PO [23] into the cyclone foraging behavior of
HPO [24]. The PHO algorithm-based fused CNN’s proposed
algorithmic steps are as follows:

Step 1: Initialization

Initially, Eq. (7) is used to set the initial population. The
expression is given below:

−→ω � {−→ω1,
−→ω2, . . . , −→ωo , . . . , −→ωn

}
(7)

Here, n represents the total number of solutions, ω signi-
fies database, and ωo indicates oth solution.

Step 2: Evaluating fitness function

The error function is used to find the optimal solution,
which is then applied to the minimization problem and rep-
resented as,

MSEfit � 1

P

P∑

S�1

[
λ̄∗
d −λ̄d

]2 (8)

Here, the number of data is denoted as P , the expected
result is ňd*, and classified output from fusion CNN is ňd .

Step 3: Hunter search mechanism
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Equation (9) is used in HPO to depict the hunter search
mechanism.

ωk, z(r + 1) � ωk, z(r )

+ 0.5[(2AV Qpos(z) − ωk, z(r ))

+ (2(1 − AV P(z) − ωk, z(r ))] (9)

Here, the current position is indicated as ωk, z(r ), the next
level of the hunter is referred to as ωk, z(r +1), P signifies the
mean value of the whole position, the balance parameter is
expressed as A, V is the adaptive parameter, and the position
of prey is denoted as Qpos, which is given in Eq. (10).

−−→
Qpos � −→ωk |k is sorted Ceuc(Obest) (10)

Step 4: The prey fled to safety

When being pursued, the prey will promptly flee to a safe
location. The current update of the prey’s position is shown
in Eq. (11).

ωk, z(r + 1) � �pos(z) + AV cos(2π�4)

× (
�pos(z) − ωk, z(r )

)
(11)

ωk, z (r + 1) � �pos(z)[1 + AV cos(2π�4)]

− AV cos(2π�4)ωk, z (r ) (12)

Here, optimal global location is indicated as Qpos, and
randomly selected number [− 1, 1] is signified as �4.

FromPO [23], the update equation of position is expressed
as,

ωk, z (r + 1) � ωk, z (r ) + rand (�F − 	 · ωk, z (r )) (13)

ωk, z (r ) � ωk, z (r + 1) − rand�F

1 − rand	
(14)

Substituting Eq. (14) in Eq. (12), the equation becomes,

ωk, z(r + 1) � �pos(z)[1 + AV cos(2π�4)]

− AV cos(2π�4)

× ωk, z(r + 1) − rand�F

1 − rand	
(15)

ωk, z(r + 1) � 1

1 − rand	 + AV cos(2π�4)

×
[
(1 − rand	)�pos(z)[1 + AV cos(2π�4)]

+AV cos(2π�4)rand�F

]

(16)

Equation (16) is used in this situation to update the posi-
tion of the best solution. Here, a randomly selected number

is signified as rand, and the optimum global position is indi-
cated as 	.

Step 5: Re-evaluating the fitness function

After the updating procedure is complete, Eq. (8) is used
to determine the fault. For image enhancement, the solution
with the minimum fault is utilized.

Step 6: Termination

The aforementioned steps are constantly repeated till the
termination condition is satisfied.

3.4 Enhancement of image
with neuro-fuzzy-IE-CGAN

The image enhancement is carried out using the proposed
FJBO-IE-CGAN and neural fuzzy system once the recov-
ered noisy pixels ňd are discovered. Image augmentation
modifies the image by utilizing various visual effects. The
improved image gives an overview of boundaries and edges
with excellent dynamic range. The FJBO-IE-CGAN and the
neural fuzzy system are briefly explained here.

3.4.1 Neuro-fuzzy system

The neuro-fuzzy model [32] incorporates fuzzy inference
systems’ explicit knowledge demonstration and ANN’s
learning capabilities. Here, the noisy pixels ňd are regarded
as an input. The consequence and premise components make
up the ANFIS model. The optimization approach is used to
tune ANFIS to identify attributes. The nearest neighbor of a
noisy pixel is used to produce a novel picture matrix that is
supplied as,

X p1∀B (q, v) � 1

9

1∑

r�1

1∑

n�1

X p(q + r , v + n) (17)

To solve difficulties with uncertainty, generated new pixel
values are passed to the neural fuzzy model.

X p2∀B (q, v) � Jfuzzy(X p(q, v)) (18)

Here, the neuro-fuzzy system is indicated as Jfuzzy. Once
the neural fuzzy group has been created, the new pixel X p(q,
v) is used as an input to create a new imagewith a noise pixel-
based location.ℵ is the output of the neuro-fuzzy system.
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Fig. 2 Architecture of IE-CGAN

3.4.2 Proposed FJBO-IE-CGAN for image enhancement

Here, the noisy pixels ℵ are taken as input. To train the
CGAN, the suggested FJBO is employed. The FC [28] and
JBA [21] algorithms are combined to create the suggested
FJBO, which was used to adjust the optimum weights. This
is a discussion of the CGAN’s structure and training utilizing
the suggested FJBO.

(i) Architecture of IE-CGAN

Generic and discriminative networks are included in the
CGAN [33]. The most crucial network was created to
enhance contrast, and themost enhanced results are produced
when generative networks are supported by discriminative
networks. The generative network is trained to trick the dis-
criminative network during training so that it can’t tell the
difference between improved outputs and its label images.

(a) Generative sub-network

For improved results in diverse applications and network
performance, image enhancement requires a model. Tanh
activation is used to restore concatenated features to their
original resolution with a deconvolution layer, and the fol-
lowing generative network is provided.

GU − GSU − GSU − ρ − Tanh (19)

Here, the convolutional layer is denoted as G, ReLU is
signified asU , batch normalization layer is symbolized as S,
deconvolutional layer is represented as ρ, and skip connec-
tion is illustrated as t .

(b) Discriminative sub-network

The discriminative network’s goal is to identify label
images that helped the generative sub-network generate
promising findings from improved results. The discrimina-
tive network is organized as given below,

G� − GS� − GS� − GS� − G − � (20)

Here, the leaky ReLU layer is denoted as�, and the output
attained from IE-CGAN is represented as ζ j . Figure 2 shows
the structural view of IE-CGAN.

3.5 Image enhancement using FJBA

IE-CGAN weights and parameters are optimized utilizing
developed FJBA, a hybrid optimization that combines the
advantages of both JBAandFC.TheFJBA training algorithm
is thoroughly studied in Sect. 3.2.1. The fitness parameter
used is provided by,

MSEfit � 1

P

P∑

S�1

[
ζ ∗
j − ζ j

]2
(21)
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Fig. 3 Experimental findings of the proposed FJBA_NFS-IE-CGAN
usingHyperspectralRemoteSensingScenes datasetwith a input images
of Indian Pines, Pavia Centre and University, Cuprite, and Salinas

datasets, b blurred images of Indian Pines, Pavia Centre and Univer-
sity, Cuprite, and Salinas datasets, and c reconstructed images of Indian
Pines, Pavia Centre and University, Cuprite, and Salinas datasets

Fig. 4 Experimental findings of
the proposed
FJBA_NFS-IE-CGAN using
YOLO Object Detection dataset
with a input image, b blurred
image, and c reconstructed image

Here, the expected output is represented as ζ ∗
j , classified

output from IE-CGAN is denoted as ζ j , and the sum of data
is indicated as P .

4 Results and discussion

PSNR, SDME, and SSIM are used to calculate the designed
FJBA_NFS-IE-CGAN’s efficiency. By adjusting the blur
intensity, the assessment is conducted.

4.1 Experimental setup and dataset description

With MATLAB, Windows 10 OS, an i3 processor, and 2 GB
RAM, the developed model is processed. The dataset used in
the evaluation for the proposed method is the Hyperspectral
Remote Sensing Scenes andYOLOObjectDetection dataset.

Hyperspectral Remote Sensing Scenes This database is
collected by M Graña, MA Veganzons, and B Ayerdi. This
database has Indian Pines, Salinas, Pavia Centre and Univer-
sity, and Cuprite datasets [20]. It contains information about
some hyperspectral scenes that are publicly accessible. These
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Fig. 5 Assessment with Indian Pines dataset in terms of a PSNR, b SDME, c SSIM

are all Earth Observation images captured by satellites or air-
craft.

YOLO Object Detection dataset This dataset contains 80
labels [34], which include bicycles, people, airplanes, cars
and trucks, kitchen and dining objects, animals, etc.

4.2 Performancemetrics

A few metrics, which are outlined below, are used to assess
the effectiveness of the designed FJBA_NFS-IE-CGAN.

(i) PSNR

PSNR is used to assess the quality of the outcome and is
articulated as,

PSNR � 10 log10
(
2552 · ι||αref − βrest||22

)
(22)

Here, the reference image is indicated as αref, the overall
number of pixels is denoted as ι, and the restored image is
signified as βrest.

(ii) SDME

SDME is customized for assessing output image quality
and provided by,

SDME � − 1

ν1ν2

×
ν1∑

x�1

ν2∑

y�1

20 ln

∣∣∣∣
Lmax; y, x − 2Lcenter; y, x + 2Lmin; y, x

Lmax; y, x + 2Lcenter; y, x + 2Lmin; y, x

∣∣∣∣ (23)

Here, the maximum gray level is denoted as Lmax; y, x ,
the pixel center is represented as Jcenter; y, x , and the minimal
degree of gray is signified as Lmin; y, x .

(iii) SSIM
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Fig. 6 Evaluation with Salinas dataset based on a PSNR, b SDME and c SSIM

It serves as a means of validating visual model, which is
adjusted for contrast, structure, and brightness data so that
SSIM is provided by,

SSIM � [	(a1, b1)]
n[ϒ(a1, b1)]

T [
℘(a1, b1)

]K (24)

Here, brightness is denoted as 	(a1, b1), contrast is sig-
nified as ϒ(a1, b1), the structure of the image is represented
as ℘(a1, b1), and n, T , K attribute is fixed to 1.

4.3 Experimental results

Figures 3 and 4 show the experimental outcomes of FJBA-
NFS-IE-CGAN with a collection of input photos from the
Hyperspectral Remote Sensing Scenes dataset and YOLO
Object Detection dataset, respectively. Figures 3a and 4a
show the collection of input images that were taken from
the dataset. Figures 3b and 4b show the blurry image created

using the blur pixel map finding technique. Figures 3c and
4c show display a reconstructed image.

4.4 Comparative methods

The techniques considered for the assessment include RDN
[15], LSFNet [16], GRNN [2], Joint blur kernel estima-
tion [17], GRNN + deep neural network (DNN) [35], deep
generalized unfolding network (DGUNet) [36], PO-based
NFS-IE-CGAN, HPO-based NFS-IE-CGAN, and proposed
FJBA-NFS-IE-CGAN. By changing the levels of blur inten-
sity, the assessment is done.

4.4.1 Analysis using hyperspectral remote sensing scenes
dataset

(a) Assessment with the Indian Pines dataset
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Fig. 7 Valuation with Pavia Centre and University dataset based on a PSNR, b SDME, and c SSIM

The evaluation with the Indian Pines dataset is revealed
in Fig. 5. Figure 5a depicts the evaluation using PSNR.
Moreover, PSNR measured by RDN, LSFNet, GRNN, joint
blur kernel estimation, GRNN + CNN, DGUNet, PO-based
NFS-IE-CGAN, HPO-based NFS-IE-CGAN, and suggested
FJBA-NFS-IE-CGAN are 42.945, 44.699, 46.073, 48.341,
45.152, 47.374, 49.056, 49.458, and 50.314 dB when blur
intensity is 9. The performance improvement of the pro-
posed method is 14.64% higher than the existing method
RDN. Figure 5b depicts the assessment using SDME. For
a blur intensity of 9, the SDME as determined by RDN is
51.743 dB, LSFNet is 52.404 dB, GRNN is 53.078 dB, joint
blur kernel estimation CNN is 54.874 dB, GRNN + CNN is
52.017 dB,DGUNet is 53.777 dB, PO-basedNFS-IE-CGAN
is 55.932 dB, HPO-based NFS-IE-CGAN is 56.391 dB, and
proposed FJBA_NFS-IE-CGAN is 57.366 dB. The analysis
of the FJBA-NFS-IE-CGAN with consideration for SSIM
is shown in Fig. 5c. At a blur intensity of 9, the SSIM

calculated by the FJBA_NFS-IE-CGAN is 0.963, which is
greater by 0.927, 0.938, 0.953, 0.951, 0.934, 0.932, 0.939,
and 0.947 than the SSIM assessed by methods like RDN,
LSFNet, GRNN, joint blur kernel estimation, GRNN+CNN,
DGUNet, PO-based NFS-IE-CGAN, and HPO-based NFS-
IE-CGAN. The performance improvement of the proposed
method is 2.59% higher than the existing method LSFNet.

(b) Assessment with the Salinas dataset

Figure 6 displays the assessment with the Salinas dataset.
The valuation with PSNR is displayed in Fig. 6a. When
the blur intensity is 9, PSNR is calculated using the fol-
lowing methods: RDN: 40.465 dB; LSFNet: 40.856 dB;
GRNN: 43.039 dB; joint blur kernel estimation CNN:
47.221 dB; GRNN+CNN: 42.178 dB; DGUNet: 46.276 dB;
PO-basedNFS-IE-CGAN: 47.754 dB; andHPO-basedNFS-
IE-CGAN: 48.146 dB, whereas 48.979 dB is the value for
the proposed FJBA-NFS-IE-CGAN. Figure 6b shows the
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Fig. 8 Valuation with Cuprite datasets based on a PSNR, b SDME, and c SSIM

evaluation using SDME. Additionally, when the blur inten-
sity is 9, the SDME measured by RDN, LSFNet, GRNN,
joint blur kernel estimate, GRNN + CNN, DGUNet, PO-
based NFS-IE-CGAN, and HPO-based NFS-IE-CGAN is
45.546, 47.711, 52.907, 54.818, 51.85, 53.72, 57.246, and
57.716 dB correspondingly, whereas the proposed FJBA-
NFS-IE-CGANis 58.714dB.Theperformance improvement
of the proposed method is 9.89% higher than the exist-
ing method GRNN. Figure 6c shows the results of the
examination using SSIM. When blur intensity is 9, the
suggested FJBA-NFS-IE-CGAN gained an SSIM of 0.970.
Other methods, such as RDN, LSFNet, GRNN, joint blur
kernel estimation, GRNN +CNN, DGUNet, PO-based NFS-
IE-CGAN, and HPO-based NFS-IE-CGAN, achieved SSIM
values of 0.922, 0.951, 0.952, 0.967, 0.933, 0.948, 0.946, and
0.953.

(c) Assessment with Pavia Centre and University dataset

Figure 7 displays the assessment with the Pavia Centre
and University dataset. Figure 7a shows the evaluation with

PSNR. When the blur intensity is 9, the PSNR calculated
using RDN, LSFNet, GRNN, joint blur kernel estimation,
GRNN + CNN, DGUNet, PO-based NFS-IE-CGAN, HPO-
based NFS-IE-CGAN, and proposed FJBA-NFS-IE-CGAN
is 44.502, 44.696, 45.944, 49.316, 45.03, 48.33, 49.272,
49.677, and 50.536 dB. The performance improvement of
the proposed method is 2.50% higher than the existing
method PO-based NFS-IE-CGAN. Figure 7b displays the
results of the SDME assessment. In the case of a blur inten-
sity of 9, the SDME as determined by RDN is 49.867 dB,
LSFNet is 50.621 dB, GRNN is 53.279 dB, joint blur
kernel estimation CNN is 56.301 dB, GRNN + CNN is
52.21 dB, DGUNet is 55.18 dB, PO-based NFS-IE-CGAN
is 59.206 dB, HPO-based NFS-IE-CGAN is 59.691 dB, and
suggested FJBA_NFS-IE-CGAN is 60.724 dB. The analysis
of the FJBA_NFS-IE-CGAN with consideration for SSIM
is shown in Fig. 7c. At a blur intensity of 9, the SSIM
calculated by the FJBA_NFS-IE-CGAN is 0.963, which is
more by 0.933, 0.938, 0.948, 0.952, 0.929, 0.933, 0.939,
and 0.947 than the SSIM assessed by methods like RDN,
LSFNet, GRNN, joint blur kernel estimation, GRNN+CNN,
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Fig. 9 Valuation with objection detection dataset based on a PSNR, b SDME, and c SSIM

DGUNet, PO-based NFS-IE-CGAN, and HPO-based NFS-
IE-CGAN. The performance improvement of the proposed
method is 1.66% higher than the existingmethodHPO-based
NFS-IE-CGAN.

(d) Assessment with Cuprite datasets

Figure 8 shows an assessment with Cuprite datasets.
Additionally, assessment with PSNR is shown in Fig. 8a.
When blur intensity is 9, the PSNR evaluated by 42.724 dB
for RDN, 43.216 dB for LSFNet, 48.612 dB for GRNN,
48.795 dB for joint blur kernel estimation_CNN, 47.640 dB
for GRNN + CNN, 47.820 dB for DGUNet, 47.905 dB
for PO-based NFS-IE-CGAN, and 48.298 dB for HPO-
based NFS-IE-CGAN while that of proposed FJBA-NFS-
IE-CGAN is 49.133 dB. The performance improvement of
the proposed method is 13.04% higher than the existing
method RDN. The assessment with SDME is presented in
Fig. 8b. Also, when blur intensity is 9, SDME evaluated by

RDN, LSFNet, GRNN, joint blur kernel estimation, GRNN+
CNN, DGUNet, PO-based NFS-IE-CGAN, and HPO-based
NFS-IE-CGAN are 50.674, 56.153, 60.187, 60.507, 58.983,
59.297, 59.633, and 60.123 dB,while that of proposed FJBA-
NFS-IE-CGAN is 61.162 dB. The assessment with SSIM
is presented in Fig. 8c. When blur intensity is 9, the pro-
posed FJBA-NFS-IE-CGAN gained an SSIM of 0.960. The
other techniques likeRDN,LSFNet, GRNN, joint blur kernel
estimation_CNN, GRNN + CNN, DGUNet, PO-based NFS-
IE-CGAN, andHPO-basedNFS-IE-CGANattainedSSIMof
0.926, 0.941, 0.957, 0.958, 0.938, 0.939, 0.936, and 0.944.
The performance improvement of the proposed method is
1.97% higher than the existing method LSFNet.

4.4.2 Analysis using object detection dataset

Figure 9 shows an assessment with an Object detection
dataset. The assessment with PSNR is shown in Fig. 9a.
When blur intensity is 9, the PSNR evaluated by 41.870 dB
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Table 2 Computational time

Methods Computational time
(seconds)

RDN 9.089

LSFNet 8.908

GRNN 7.090

Joint blur kernel estimation_CNN 6.987

GRNN + CNN 6.145

DGUNet 6.012

PO-based NFS-IE-CGAN 5.098

HPO-based NFS-IE-CGAN 5.003

Proposed FJBA_NFS-IE-CGAN 4.982

Bold value represents the best performance

for RDN, 42.352 dB for LSFNet, 47.640 dB for GRNN,
47.820 dB for joint blur kernel estimation_CNN, 46.687 dB
for GRNN + CNN, 46.863 dB for DGUNet, 46.947 dB
for PO-based NFS-IE-CGAN, and 47.332 dB for HPO-
based NFS-IE-CGAN, while that of proposed FJBA-NFS-
IE-CGAN is 48.151 dB. The assessment with SDME is
presented in Fig. 9b. Also, when blur intensity is 9, SDME
evaluated byRDN, LSFNet, GRNN, joint blur kernel estima-
tion, GRNN + CNN, DGUNet, PO-based NFS-IE-CGAN,
and HPO-based NFS-IE-CGAN are 49.660, 55.030, 58.983,
59.297, 57.803, 58.111, 58.441, and 58.920 dB, while that
of proposed FJBA-NFS-IE-CGAN is 59.939 dB. The perfor-
mance improvement of the proposedmethod is 1.59% higher
than the Joint blur kernel estimation. The assessment with
SSIM is presented inFig. 9c.Whenblur intensity is 9, the pro-
posed FJBA-NFS-IE-CGAN gained an SSIM of 0.941. The
other techniques likeRDN,LSFNet,GRNN, Joint blur kernel
estimation_CNN, GRNN + CNN, DGUNet, PO-based NFS-
IE-CGAN, andHPO-basedNFS-IE-CGANattainedSSIMof
0.907, 0.922, 0.938, 0.939, 0.919, 0.920, 0.918, and 0.925.

4.5 Comparative discussion

The best results considering various datasets are displayed in
Table 1. Here, the maximum PSNR, SSIM, and SDME of the
proposed FJBA-NFS-IE-CGAN are 50.536 dB, 60.724 dB,
and 0.963, respectively, for the blur intensity of 9.

4.6 Computational time

The computational timeof the proposed and existingmethods
is shown inTable 2. FromTable 2, it is noted that the proposed
method has minimum computational time.

5 Conclusion

Along with image restoration, a novel optimization-driven
classifier is constructed. The steps for identifying blurred
images and improving them are depicted. For a variety of
reasons, including low camera resolution, motion blur, noise,
and other factors, images might deteriorate during the acqui-
sition process. Even though image restoration techniques can
remove haze from a degraded image, they are problematic for
use in a real-time system since they necessitate numerous
photographs from the same location. To solve this prob-
lem, the proposed FJBA enables image enhancement and
blur pixel detection. Firstly, the blur pixel detection is done
using the input blurry image provided in the dataset. The blur
pixel identification is performed using a DRN trained with
FJBA. FJBA is created by combining the JBA and the FC.
Furthermore, the blurred image is deblurred using a fusion
CNN approach tuned through PHO. PHO stands for PO and
HPO. Lastly, the image is enhanced using the NFS and the
IE-CGAN, which has been fine-tuned using FJBA. The pro-
posed FJBA-NFS-IE-CGANgives an enhanced performance
with a maximum PSNR of 50.536 dB, SDME of 60.724 dB,
and SSIM of 0.963 with a blur intensity of image-3. In
future, another database is adapted to validate the feasibility
of designed technique.
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