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Abstract:

In the context of visual effects and computer graphics, image generation and image
enhancement are one of the basic problems, Same situation in other areas like space
science and medicinal science. The picture quality is impacted by the presence of light
in the image. This study introduces a unique method for generating and enhancing low-
illumination photographs and generation of brighter time image it implies the usage of a
deep mastering set of rules, particularly a deep convolutional Wasserstein generative
adversarial network (DC-WGAN). The method involves changing snap shots from RGB
to CIELAB shade space, which aligns extra intently with human visible belief, taking
into account specific illumination estimation and mitigation of uneven lighting fixtures
outcomes. By employing DC-WGAN to decorate the brightness aspect via an extended
era community, the algorithm captures and amplifies important photograph features. The
stronger LAB photographs are then converted back to RGB area to produce the final
improved photos. The effectiveness of this approach is tested thru experiments under
well known, special, and realistic conditions, demonstrating advanced overall
performance as compared to 4 typically used algorithms. This study affords an important
technological advancement for enhancing robot target reputation and renovation
operations in area environments.

Keywords: Recurrent, Low-illumination, photograph enhancement, deep studying, deep
convolutional Wasserstein generative adversarial Network (DC-WGAN), CIELAB
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INTRODUTION
A large amount of the information we consume is visual in nature. This visual data is primarily stored
in images, and as electronic technology advances, so too does the variety of electronic imaging
equipment used to record this data. The specific application environment often dictates the choice of
imaging equipment, and the hardware capabilities of the device have a direct impact on the final image
quality. In many images, low visibility conditions such as environmental disturbance like snow, rain
or other environments problems can lead to color distortion, grainy images, and other image quality
issues. Although advanced imaging technology can improve image quality, environmental conditions
still affect its effectiveness. Various environmental factors still affect the quality of captured images,
even with the best devices, and technology cannot fully compensate for these fundamental limitations.
In general, standard image processing software is designed to work best with images taken under
ambient light. Image classification, object recognition, and image analysis are among the applications
that can significantly degrade in performance when used with low-light images. Image enhancement
in low light has become the core of computer vision. The purpose of this technique is to restore the
missing details in unpleasant images taken in harsh lighting conditions. The goal is to produce
realistic-looking images that preserve important structural information by maximizing contrast,
reducing noise and by adjusting the graphical elements and. Improving low-light image quality to
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generate the image of different timings and it is essential for both human vision and computer vision,
including object recognition and image recognition. Therefore, research on those images have low-
light conditions image enhancement methods is of great value. Photograph processing technology is
good technique to overcome those challenges, play a crucial role in improving the first-rate of visible
records collected by using robotic structures. One of the most important issues is the

processing of low-illumination pics, wherein traditional enhancement methods frequently fall quick.
Techniques together with histogram equalization (HE) and gamma correction have been hired to
adjust photo comparison and brightness. However, those strategies may be inconsistent, particularly
in low- illumination eventualities wherein the visual statistics is drastically compromised. Retinex
theory gives every other technique by means of decomposing photos into reflectance and illumination
additives. This principle has been prolonged through various algorithms consisting of multiscale
Retinex (MSR), single-scale Retinex (SSR) and multiscale Retinex with colour recuperation
(MSRCR), which intention to improve image fidelity and decorate color representation. Despite their
effectiveness, those methods can nonetheless struggle with complicated interference in area
environments. Recent advancements in deep learning have brought new opportunities for picture
enhancement. Techniques like convolutional neural networks (CNNs) and generative Adversarial
networks (GANs) have validated big upgrades in photo type, popularity, and enhancement. Deep
learning techniques leverage hierarchical function extraction and gaining knowledge of techniques to
achieve better results in low- illumination conditions.

Theoretical Basis:

Image fusion is an important technique in image digitization, in which information from multiple
images of the same scene is combined. To create a single, higher-quality image, these features are
extracted, rearranged, and combined [1]. This technique mostly uses multiple exposures to improve
the quality of re-light the images. Multi-exposure image fusion creates a composite image that
extracts specific features from multiple images exposed at different positions and also combines
them. To improve the contrast. consider a fusion model and an optimization method. In order to
achieve better accuracy in low-resolution regions, this method first uses the illumination estimation
to generate a weight matrix to blend the images and then implement the camera response model to
calculate the exposure. In continuation to improve the quality, the input images are fused according
to the weight matrix. In this study, another optimization technique based on the camera system is
proposed. Recent advances in deep learning have had a significant impact on computer vision
research, especially in object recognition, image interpretation and in terms of knowledge. The most
used deep learning model is the convolutional neural network, whose fundamental properties such
as energy distribution, clustering, and local receptive fields reduce learning accuracy are reduced
and make training easier. These systems also allow for widespread use of complex objects, as they
enable image manipulation such as translation, rotation, and scaling. The researchers used
convolutional neural networks to improve the quality of low-light images. For adaptation and noise
reduction, used a stacked sparse denoising autoencoder trained on low-light features [21] with noise
generated by do it and on. MSRNet, a low-light image enhancement network, by extending the MSR
method and simulating multidimensional Retinex wu with Gaussian convolution kernels [2].

GAN: Generative Adversarial Network
To simulate the distributions, Goodfellow [22]. introduced the Generative Adversarial Network
(GAN) [3]. The GAN consists of a discriminator and a generator. The discriminator seeks to
distinguish between synthetic and real images, and the generator seeks to produce images that may
confuse the two producers. The results showed the distribution of information in this zero-sum game
with the discriminator. , Figure 1 shows how the Gan model working. The parameters to guide the
design
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m(jn mfz)ix Legan(G, D)
= Ey s[log(D(, J)] + E[log(D(I, G(IN)]
x Ej[log(l — D, G()))] —-[1]
However, GAN-based methods cannot be overcome because they do not pre-model the data.

Conditional GANs, such as DE-GAN, have been proposed as a solution to this problem. In contrast
to traditional GANs, DE-GANs improve controllability and learning by using necessary parameters

to guide the design.
Real
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Fig:1, Generative Adversarial Networks (GANs)
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G denotes the standard deviation, D denotes the deviation, the first index denotes I, the original index
denotes J, and the corresponding (false) index denotes G(I). In the DE-GAN model, it learns to form
a G:I — J graph, and thus learns to transform from the original graph I to a graph J. Figure 2 shows
how DE-GAN was developed [4]. Here, the original image J is the corresponding ground truth, the
generated image G(I) is the amplified image, and the original image integrated system. objective

function of the discriminator part is:
mrin max LeGan(G. D)

Ey sllog(DU. J)] + Ef[log(D{I, G(I)))] --[2]
Objective function of the generator part is:
minLay(G, D) = Erflog(1 = DU, GAW] e [3]

Two images are sent to the discriminator (D): (I, G(I)) and (I, J). It generates a score between 0 and 1
that indicates the probability that the input is truly a binary image when it has been trained to
distinguish between the two after. True values are those greater than 0.5, and false positives are those
less than 0.5. In the mini-max game, training alternates between G and D until it reaches a Nash
equilibrium in which the probability of extracting D is 0.5, denoted by that simulated and actual
images are indistinguishable. The resulting image G(I) is now very similar to the original image.
GANs work through a two-player game theory where the discriminator and the generator compete
against each other. While the classifier tries to determine whether the estimates are fake or real, the
synthesizer tries to provide estimates that might mislead the classifier. Developers can build very
accurate models because of this adversarial behavior, which continues until they become
indistinguishable from reality

Dataset:
The SID system, which consists of two low-luminosity and ultra-thin images, [5]. Data collection
was performed using different exposure times under low light conditions, resulting in 5094 images
at very low light levels, and short exposures, compared with low-light, long-exposure images. The
424 indoor and outdoor scenes in the SID dataset had different illuminance levels detected by
different short exposure times. The total 1467 images in the Self dataset database include 14095
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images captured by 10 cameras in five different scenarios. A set of 200 images is divided into 100
images for testing and 200 images for evaluation, and training is performed on the remaining 1268
images. Unlike the jpg or png formats used in real images, Self dataset images are stored in the
camera raw. When models trained on Self Dataset are applied to other images, transforming this
image may lead to better results.

Tnvitial image | N
\
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o Generate image G{I} --.__ ™
Initial image | — Bullder .- "'i Builder true and false
G - o

Initial image |

Feal image J

Figure:2, DEGAN Architecture

HIL.METHODOLOGY:
The results obtained in this study were based on the results of the two subjects for the teaching of
low and high exposure scenes. This method adds a local discriminator to reduce local noise based
on the traditional GAN architecture [6] with and a universal identifier. The patches of both images
are passed to the local discriminator, and the generated image and the real image serve as global
classifiers he. All these classifiers evaluate the accuracy of the resulting image. The optimized image
is produced immediately if it is claimed to be authentic. If not, the software receives feedback,
improving its output until it can confuse both differences.
LewGan—gp = Er DU, J)] — Ef[D(I, G(I))]
+aepE;l(IV;D(DI2 = D] - [4]
G represents generator and D represents discriminator in this structure. J means ground truth and I
mean low light image. The score on the line connecting J to the surface of the gradient, G(I), is denoted
by I. GP acts as a selector. The loss function of WGAN-GP does not use logarithm, unlike the loss
function of traditional GAN algorithms. Instead of using JS divergence, it uses Wasserstein distance
to measure the difference between the simulated and true distributions. The main advantage of
Wasserstein’s theory is that it can accurately measure differences between distributions, even in cases
where there is little or no overlap between their support groups These are the people. The effect of
vanishing gradients is particularly pronounced because JS spacing becomes uniform in these cases.
To solve this problem, WGAN-GP loss adds a gradient penalty term. The effect of vanishing gradients
1s particularly pronounced because JS spacing becomes uniform in these cases. To solve this problem,
WGAN-GP loss [7] adds a gradient penalty term. Since the k-Lipschitz constraint is imposed on the
discriminator, this penalty limits its scalability to some extent. However, compared to traditional
convolutional tasks such as L1 or L2, the amplification of and faster synchronization, reducing
graphical problems. Previous studies have shown that adding an L1 or L2 representation to a target
task stimulates the motor (G) to identify biologically similar sample positions, which is useful for
image translation projects. Although L2 attenuation is excellent for visual reconstruction, artifacts
may still be present. Conversely, losing L1 effectively removes artifacts but requires repeated capture
and reconstruction in better ears. Although L1 decomposition can reduce artifacts, it fails to capture
image features and introduces reconstruction at the edges. Only L1 loss or L2 loss has been
investigated in the target task in previous research. However, to better capture random and stochastic
effects without introducing artifacts, the function uses a combined approach that integrates L1 and L2
losses into the target function.
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Li(G) = ErylIJ — GDI|i] -—-[5]
L2(G) = Epy[IlJ = G121 ---[6]
The calculation of previous losses is calculated as follows:

L =n}£n max Lewgan—6P(G, D)+ L1(G)+i2La(G) [7]
When regional enhancements are needed, global discrimination may not be sufficient because it takes
into account the entire image, and allows for all enhancements to be made. This weakness is overcome
by using the global isolation scheme. Local contrast is added in addition to global contrast to enhance
some regions of the image. The local discriminator identifies the origin of randomly selected positions
in both the updated and original images. By reducing local disturbance, the local socialization system
makes the restored areas feel more authentic and natural like. The relative discriminant provided by
Alexia consists of two parts: one part estimates the likelihood of the original data being more real than
the artifacts, and the other part is concerned with the possibility that artifacts may be more real than
artifacts. The first part should be close to 1 and the last part to 0.
Dyy(xr, x7) = 0 (C(x;) = Exp~p, [C(xp)]) --[8]
Drc;(-‘\'!'~ Xp) = O'(C(xf) - E_rrwf’,- [C(x:)]) --[9]
In this case, the discriminator is represented by C, the distributions of the actual and generated images
are represented by xr and xf respectively, the probability distributions of the actual and generated
images are represented by Pr and Pf, the expected value is represented by E, and the sigmoid activation
function is represented by c. The final loss functions of the global discriminator (D) and the generator
(G), using the loss function proposed by Mao[23], are as follows:
L§ = Eynp [(Draly 3r) = 1)°1 + Egpmp [(Dralir 27)°] —--[10]
LS = Eqp, [(Dralr ) — 1?1 + Ey—p; [(Dralg )%
----[11]
Six 32x32 images from each simulated and real image are randomly selected to use the local classifier.
For salt (G) and local salt (D), the corresponding loss functions are: The deviation of the obtained
images from these values is determined by Pfp, and the ratio of the detected images is determined by
Prp. The global classifiers play a role after the five steps of image reduction. The algorithm consists
of'a convolution layer, a batch normalization, and a Leaky ReLU activation function [8]. The sigmide
activation function after the fifth cycle of downsampling. Similar to the global discriminator, the local
discriminator uses a sigmide function to localize the image where he drew, after completing four
reduction operations. The DE-GAN architecture is the main tool used in this work. However, instead
of using a traditional CNN, a U-Net is used to improve the preservation of the original image features.
The U-Net [9] shown in Figure 3 uses skip connections, similar to an autoencoder. When combined
with map data, these connections secure the data. The generator (G) consists of 15 layers, including
8 convolutional layers and 7 non-convolutional layers. As an encoder, the first stage denoises the
underwater image using convolutional techniques, extracts textual features, applies batch
normalization, and activates Leaky-ReLU. The second stage acts as a decoder, reconstructing the
underwater image from the original image by pooling the normal features using a deconvolutional
network. In this work, the implementation of Adaptive Dense Features Fusion algorithm [10] in U-
Net algorithm is presented. In contrast to the fusion approach, ADFF module. Here, alxy,..., lectnxy
are used as parameters for alxy,..., anxy using the softmax function. Using il —nxy,..., i(n-1)—nxy,
and 1nxy,
the cells 1
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Figure:3, U-net Architecture
focuses on the features extracted from each layer. It helps in image reconstruction by combining these
data in a logical way, which provides better results for further extraction or reconstruction.
Specifically, it collects data from all previous layers using strong connections and feeds them into the
ADFF engine. To highlight the salient features during fusion, this module learns the class weights of
the features of each level. Figure 4 The ADFF output of the generating encoder at level n = {2, 3, 4,
LE = Eqnp, [(DO) = 1)1 + Eypnpy [(Dral3r)’]
5} is shown in Figure 4. LG = Ex~p,[(D0y) = 7]
Sy = LKy T LT 2o + G
i+ pi+C or+o02+C
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Fig:4 , Flow Chart of Generator

At encoder level n, it represents the output of the ADFF unit. The feature vector at point (X, y) on this
graph is denoted by inxy. Before ADFF integration, the feature map of encoder level n is represented
by um (il =11), and the feature map at (X, y) on this map is umxy. After updating to n, the feature
maps from feature 1 (where 1 = 1, 2, 3) and il — n are drawn, and the feature map at (x, y) on this
equilibrium map is il — nxy . For the simulated feature map, alxy represents the spatially fixed
weights learned by the network. All channels of the map share the same dimension, alxy. Note that
where alxy €, alxy +... + anxy = 1. The definitions below are also important:

1 e

axy:

1 n=1 n
P ot 1 [13]

nl,..., an are produced. For each stage, this approach allows the main data from all the initial stages
to be combined. Two-step convolutional layers are used to downsample, and two-step convolutional
layers are used to extract the samples. The downsampling is replaced by approximation in the ADFF
unit of the decoder, which has the same configuration as its encoder.

SSI:
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Since the images are superimposed, the similarity in the images describes the morphological
properties of the objects in the image. It measures brightness relative to the mean, using the mean as
the variance, and correlation by variance. This similarity can be expressed as:
--[14]
where y is the generated 11x11 image, x is the 11x11 seabed image, and p is the center pixel of the
image. The mean is denoted by p, the means of x and y are denoted by ox and oxy, respectively, and
the variance between x and y is denoted by oxy. The values of 0.02 and 0.03 for the parameters C1
and C2, respectively. The overall deviation between the design and the submerged image due to
underwater reflection is:

N
1
G ) —
L{(x. G =1~ = 3 ()

n=1

-[15]
The correlation coefficient between the reconstructed image and the
data collected from the underwater image is obtained to identify the
underwater scene:

N
LG, G = 1— ﬁ Z} )
--[16]
The overall loss function of the network is:
Loss = ML§ +haoLg + A3Lg + halg  _[17]
The weights ©1, a2, a3, and a4 are determined based on experimental and theoretical results. where
G is the generated image and L is the loss. The structural similarity loss, like the generator function
loss, depends on the trained data as well. Therefore, the sum of the composite weights and the data
loss in the dataset is the same. The structural similarity loss [11] and the generator losses are
introduced to avoid excessive emphasis on local loss at the expense of global operation. This
balancing method ensures a proper trade-off between local and global losses.

IV. EXPERIMENTS:

The analysis includes 3800 evening and 3800-day samples, and [12] Training uses Adam optimizer
with a learning rate of 0.0001 and a batch size of 16. The proposed scheme 1s compared with four low
lighting image enhancement schemes using both independent measurements and statistical
measurements. The test dataset consists of 3,600 evening images. The proposed method is compared
with four other image enhancement algorithms in Figure 4. The image reconstruction results in the
hyper parathyroid technique revealed hypersensitivity at distant locations.[8] Having too many
parameters affects the strength of the other method. The third method produces images with poor local
contrast, and objects appear blurry at the beginning. Another method gives poor local definition,
complete darkness, and obvious image noise. Finally, one method has poor local contrast and has
trouble removing local color artifacts. These four algorithms do not provide complete visualization
results because they only focus on updating the global map, ignoring local changes. On the other hand,
the proposed technology enhances the overall light reflectance and provides a better, more realistic
viewing experience by improving and achieving targets in source areas. The results of the proposed
method are compared with the results of four low illumination image enhancement algorithms in the
SID [13] on it, and enlarged sections are shown in Figure 3 to better illustrate the particle retention.
Compared with day images and images optimized by four other algorithms, the proposed method
produces images with different resolution, as seen in the significantly by reconstructing the particles
in the human-edited image, enhancing the lighting and creating clearer and more realistic images. In
terms of computation and calculation, it performs better than other algorithms.

normalized sections. This shows how the proposed method can restore excellent features, resulting in
better image quality
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Day image metrics, day imaging difference metrics, low light image quality, and distribution entropy
are the four metrics used to analyze day images. Two well-known image quality metrics are IQM and
CIQE. IQM uses three methods to evaluate reconstructed images: IConM, color calibration, and
different time imaging. IConM and IQM are the most widely used algorithms. Higher scores indicate
better overall image quality when CIQE evaluates enhanced images based on color, saturation, and
contrast. The complexity of an image is measured by its entropy; higher entropy indicates higher
content and higher image quality. The results of the proposed approach compared with traditional
methods on the self-dataset database are shown in Figure 4

Experimental Verification and Analysis:

The number of trials was 3600 to reduce unnecessary errors. Comparisons with other datasets Each
algorithm is shown in Table 1. The method used in this study measures variability and IQM in a broad
sense. Conclusions with IConM Compared with previous reports, the improved model in this study
has better overall accuracy, and high-contrast, while enriching the media. The algorithm used in this
paper achieved inconsistent results for the IQM index and the CIQE index. The result shows an
improvement in low light imaging. Too much saturation can make an image look better, but too much
saturation results in artifacts with unnatural textures. Enhanced images perform better on metrics such
as content, contrast, and overall impressions. According to experimental results, the proposed method
removes artifacts and improves contrast .

Table 1: comparison of the numerous objective indices used in each method.

Method IOM IConM CIQE Entropy
UPND [12] 3.9895 0.797 1 0.638 5 74721
ODM [9] 4.1396 0.8555 0.5799 7.043 4
FU-GAN [10] 4.3071 09165 0.5410 74736
UGAN [ 1] 4335 0.9079 0.564 5 7.55717
Our method 4.3977 0,926 9 (.583 9 7.608 9

ABLATION RESEARCH AND ANALYSIS
To illustrate the performance of each component of the model in this research, a series of method
evaluation graphs were constructed and compared with The network configuration is as follows: 1)

Figure:4, Experimental results of proposed method compared with classical algorithms on
SID dataset

Received: August 04, 2025 1192



International Journal of Applied Mathematics

Volume 38 No. 3s, 2025
ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)

respectively. Table 3 shows that by increasing the learning rate of the network, using residual blocks
in the vehicle improves the performance compared to U-Net due to the traditional structure. Moreover,
the performance of the adaptive densefeature fusion is demonstrated by comparing the proposed
structure (with ADFF) with that without it. The key features of all the previous fields are collected
and presented by the ADFF program. The results in Figure 2 are consistent with the results in Figure
6 that residual blocks improve the smoothness of detail extraction from low light images. The ADFF
module[ 14] facilitates feature fusion, enabling the network to leverage key information for generating
clearer images Simple U grid; 2) residual error only, no ADFF block U-grid convolution (Ours-
woADFF); 3) On top of Ours-woADFF, an ADFF module is added (algorithm in this paper). Table 3
and Figure 5 present qualitative and quantitative results,

{a)Original image (D)JUPND (c)ODM {d)FU-GAN (e)UGAN (NOur method

Figure:S, Experimental results of proposed method compared with classical algorithms on
self-dataset Overall, the proposed algorithm achieves the best performance in underwater
image enhancement, as demonstrated by SSIM and PSNR [15] metrics and visual results,
validating the effectiveness of the network model. Table 3 presents objective indicators for the
enhancement effects of the FGF, Patch-net, and the proposed algorithms. The proposed
method effectively improves the Average Gradient, Entropy, and Extended Maximum

Entropy of the images.

i Evaluation ez Patch- Our
Data set i Original  FGF ot b
Self AG 3.57 4.57 5.67 5.67
& EN 34.82 5646 6046  60.46

EME 6.73 7.88 8.21 821

Table 2: Comparison of different image enhancement method

LI-Meet Curs-wo ADFF O method
55IM 0.752 0653 0.RTH
PN 21641 35,1734 33,452
Table 3: quantitative evaluation of DE-GAN on artificial low light photos using various
generator configuration

MODEL SIMPLIFICATION TEST:

This work implements related proposed components, such as k-path feed-forward,[16] and easy, for
testing and evaluation purposes. Simplified structures are discussed in this paper. Figure 6 shows the
process from training to convergence using a 22-layer network and SID dataset for testing. The
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multipath connection is represented by the blue line, and the VDSR system [17] is represented by the
black line. It can also be seen that during the aggregation, the PSNR value varies significantly. The
overall speed is improved and the bandwidth is enhanced by the pixel encoding algorithm
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Figure 6: Convergence analysis of different magnifications
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Figure 7: Convergence analysis of loss value

MODEL LOSS CURVE:

Variance = 0.1, mean = 0, dropout = 0.5, bias = 0.1, and learning rate = 0.01 were the initial values
of the metrics.[18] The training and validation

spectra are shown in Figure 13. After about 20 cycles, both the training and validation curves[19] are
at the same level, indicating that the method converges quickly. This indicates that the target detection
[20] task has been successfully trained in the model.

CONCLUSION
The paper presents a complete technique to adaptive photo enhancement underneath low illumination
situations, and different times in a day . Acknowledging the challenges posed by means of varying
brightness and assessment because of environmental elements together with climate and time of day.
By spotting that a one- length-fits-all enhancement set of rules is insufficient, the study proposes a
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tailor-made technique that differentiates between day and night pictures and employs awesome
processing techniques for every.
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