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Abstract: Images under low-light conditions suffer from noise, blurring, and low contrast, thus
limiting the precise detection of objects. For this purpose, a novel method is introduced based on
convolutional neural network (CNN) dual attention unit (DAU) and selective kernel feature synthesis
(SKFS) that merges with the Retinex theory-based model for the enhancement of dark images under
low-light conditions. The model mentioned in this paper is a multi-scale residual block made up of
several essential components equivalent to an onward convolutional neural network with a VGG16
architecture and various Gaussian convolution kernels. In addition, backpropagation optimizes
most of the parameters in this model, whereas the values in conventional models depend on an
artificial environment. The model was constructed using simultaneous multi-resolution convolution
and dual attention processes. We performed our experiment in the Tesla T4 GPU of Google Colab
using the Customized Raw Image Dataset, College Image Dataset (CID), Extreme low-light denoising
dataset (ELD), and ExDark dataset. In this approach, an extended set of features is set up to learn
from several scales to incorporate contextual data. An extensive performance evaluation on the four
above-mentioned standard image datasets showed that MSR-MIRNeT produced standard image
enhancement and denoising results with a precision of 97.33%; additionally, the PSNR/SSIM result is
29.73/0.963 which is better than previously established models (MSR, MIRNet, etc.). Furthermore, the
output of the proposed model (MSR-MIRNet) shows that this model can be implemented in medical
image processing, such as detecting fine scars on pelvic bone segmentation imaging, enhancing
contrast for tuberculosis analysis, and being beneficial for robotic visualization in dark environments.

Keywords: convolutional neural network; selective kernel feature synthesis; dual attention unit;
multi-range logarithmic transformation; image enhancement

1. Introduction

Many industries, such as photography, security, medical imaging, remote sensing, and
many others use image restoration to restore high-quality visual content from damaged
versions. Image enhancement methods concurrently adjust a given dark input image’s
color, contrast, brightness, and noise. Typically, two types of existing deep learning models
are used for image enhancement, denoising, or deblurring, namely the encoder-decoder
model [1] and/or high-resolution (single-scale) feature processing [2,3]. Some of the
limitations of the published methods are shown in Figure 1. The MSR model [4] optimizes
the maximum parameters through backpropagation instead of depending on artificial
environments. However, in the MIRNeT [5] model, the output images exhibit blurring
issues and color degradation, as shown in Figure 1. The authors of [5] focused mainly on
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improving image contrast and brightness using the predicted illumination map. However,
the noise in dark images is unavoidable and cannot be neglected while enhancing the image.

Figure 1. Some limitations of published methods for image enhancement, Input image, MSR [4],
MIRNeT [5], MSR-MIRNeT (Our proposed).

The major limitations during image enhancement processes are color degradation,
noise, blurring issues due to perceptual losses, long exposure of the camera lens, object
movement, inadequate light, hardware limitations, and many others. In particular, if image
enhancement is performed before image denoising, then image deblurring may occur.
Some strategies directly employ the denoising procedure as a distinct component of their
enhancement pipeline to suppress low-light image noise (attention-based). However, there
are some contradictions when applying a cascade in image enhancement and denoising pro-
cedures. In recent years, enormous research has been done to overcome the aforementioned
limitations during image enhancement. For example, Olivier et al. [6] proposed a model for
capsule endoscopic image contrast enhancement, where the combination of two different
algorithms enhanced darker parts of the endoscopy image using the weighted bilinear
algorithm of half units (HWB) and the threshold weighted bilinear algorithm (TWB) which
excludes excess exposure and increases specular highlight spots.

In our proposed model (MSR-MIRNET) the previously established models MSR [4]
and MIRNet [5] are combined, in which image denoising and enhancement are performed
simultaneously with slight limitations of deblurring. The novelty of our method is that
extracted features are aggregated and concatenated with a full convolution layer of the
VGG16 model and upgrade the color restoration using multiple logarithmic transforma-
tions. From previous studies of some conventional methods [4,5,7], it has been found
that these models contain limitations in terms of blurring and unrealistic color formation.
Thus, the Retinex-based model [8] is applied to multiple extracted features from dark input
images and merges these features with the full CONV layer, which enriches the realistic
color sensation. Then, the isolation to a specific range is limited followed by sharing con-
textual information in a top-down manner. Consequently, selective kernel feature synthesis
is conducted through information sharing in both fine-to-coarse network loops on each
stream. Our fusion technique dynamically selects the actual kernel sets from individual
subdivision representations using a self-attention method, whereas recently established
methods only concatenate or average features from multiresolution divisions. Furthermore,
to maintain the same number of channels as in the input feature map, a 1× 1 CONV layer
is applied. Finally, a 3× 3 CONV layer is used to denoise the output picture and restore
color. The diagram of our proposed model is shown in Figure 1.
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2. Literature Review

Image enhancement and denoising are the most prominent topics in computer vision.
The two main types of low-light picture enhancement are histogram-based approaches
and Retinex-based methods. Histogram Equalization (HE) is the first classification ap-
proach [8,9] for image enhancement. The second category is based on the Retinex hypothe-
sis, which contends that light and reflection make up an image. Land [10] introduces the
Retinex hypothesis to describe how the human visual system perceives color.

2.1. Image Enhancement

Deep learning has recently seen considerable success in the fields of low-level image
processing, modeling, and interpretation of nocturnal scenes. The authors in [7] have
presented an elaborate overview and pragmatic guide of deep learning applications in dark
image enhancement for beginners to advanced level researchers. The authors represented a
performance analysis of available deep learning algorithms and established methodologies
based on standard datasets. The Deep Retinex-Net [11] enhanced images using deep de-
composition and trained a model from end to end, including Enhance-Net for illumination
adjustment and Decom-Net for decomposition. According to the Retinex theorem [7], there
are two types of image classification, illumination, and reflection:

I(x, y) = r(x, y)× S(x, y) (1)

where I and r represent the captured input image and the intended recovery of the output
image, respectively. In natural vision science, the single-scale Retinex is based on the
center/surround (SSR) [5]. The mathematical form of this is given in Equation (2).

Ri(x, y) = log Ii(x, y)− log [F(x, y)× Ii(x, y)] (2)

RED-Net architecture was introduced [12], where the image was first enhanced by
increasing contrast using an Image Contrast Enhancement Network (ICE-Net) and then
reduced noise using a Re-Enhancement and Denoising Network (RED-Net). However, this
model is not compatible with sequential or bracketing images. Furthermore, the researchers
concentrated on image enhancement by improving parameter-decomposition, denoising,
and contrast enhancement. From this, R2RNet [9] was developed. This method consists of
Decom-Net, Denoise-Net, and Relight-Net. Many of these learning techniques rely on con-
ventional denoising techniques when they do not expressly include these. Another cutting-
age method for image processing is using Generative Adversarial Nework [13], where the
fine details of low quality images are restored using the combination of multi-scale Retinex
color reproduction and adaptive histogram equalization. Our method, considering the
impacts of noise, uses dual attention plots with SKFF [14] to direct the boost and denoising
processes. Therefore, our approach is compatible with current learning-based approaches.

2.2. Image Denoising

Conventional cameras frequently produce less detailed images due to object move-
ment, device shaking, low light, Hardware limitations, etc. There are many existing works
for image denoising. BM3D [15] and Poisson Noise Reduction (PNR) [16] are examples
of filter-based and deep learning-based approaches for Gaussian denoising. CBDNet [17]
offers a convolutional blind denoising network for mixed Gaussian Poisson denoising by
adding asymmetric learning. By using both synthetic and real-world pictures for training,
CBDNet may be applied to real noisy images. TWSC [18] creates a trilateral weighted
sparse coding technique for real-world image denoising. In their two-step methodology,
Chen et al. [19] include noise distribution estimation with Generative Adversarial Net-
works (GANs) and denoising with CNNs. Blurring will arise if image enhancement occurs
before image denoising. Hence, our approach simultaneously conducts enhancement
and denoising to prevent this. Retinex is a unique base point for a multi-scale low-light
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image-enhancing technique as a FeedForward convolutional neural network with several
Gaussian convolution kernels.

To overcome the previously mentioned limitations, it is suggested that a convolutional
neural network (MSR-MIRNeT) that directly learns a mapping between dark and bright
images from beginning to end with multi-scale logarithmic transformation and recursive
residual block, which has been verified to achieve better performance in practice.

2.3. Our Contributions

Previous studies have shown that there are many ways to improve image enhancement,
including denoising, deblurring, and color upgrades. Our proposed approach can be
summarized as follows:

• Propose a novel method where isolation is first limited to a specific range and then
contextual information is shared in a descending way.

• Selective kernel feature synthesis is conducted through information sharing in both
fine-to-coarse network loops on each stream. Our fusion technique dynamically selects
actual kernel sets from individual subdivision representations using a self-attention
method, whereas recently established methods only concatenate or average features
from multiresolution divisions.

• Apply a 1× 1 CONV layer to maintain channel sequences in the input feature map,
Finally, a 3× 3 CONV layer is used for output picture denoising and color restoration.

• Use a custom real-world data-based Image Enhancement in Low-Light Condition-
IELLc dataset to compare the state of the art (SoA) between our method and previous
methods where our results outperformed previous SoA methods.

3. Methodology
3.1. Proposed Architecture MSR-MIRNeT

Before training the proposed MSR-MIRNeT hybrid model, the MSR [4] and MIR-
NeT [5] models are trained and obtained output images based on our ground-truth image,
as shown in Figure 2. The schematic architecture of our proposed hybrid MSR-MIRNet
model is represented in Figure 3.

Figure 2. Visual comparison of low-light enhancement approaches, ELD [20], ExDark [15], CID [21],
Our proposed model output.
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Figure 3. MSR-MIRNeT Model Architecture.

From a given image X, the network extracts low-level features X0 by applying a
CONV layer. Subsequently, multiple numbers of blocks of recursive residual groups (RRGs)
permit feature maps X0 to pass over the RRG with surrounding deep features Xd. We
merged difference-of-convolution with rectified linear activation function-ReLU for an
analogous role with difference-of-Gaussian and the color restoration function, which is
compiled with the mapped function. The significant difference between the MSR [4],
the MIRNeT [5] model, and our model is that our maximum parameters are designed to
learn from the training data to enhance the images. In contrast, in MSR some parameters,
such as variance and others, constantly depend on artificial settings. Here the multi-Scale
residual is merged with RRG, then CONV 1× 1 is applied for image color restoration,
which generates I ∈ R(l×w×3) and 3× 3 layers for enhancement as precise features Xd
and derives the remaining image R ∈ R(l×w×3). After the color restoration process, some
features may have an average value, which reduces the brightness of the generated image.
Thus, a 3× 3 CONV layer is used after color restoration to maintain the output RGB image
standard. Hence, using the logarithmic transformation T f (I ∈ R(l×w×3)), a low-light image
is mapped with a bright image to enhance the output image. This can be represented using
Equation (3).

G(I ∈ R(l×w×3)) = T f (I ∈ R(l×w×3)) (3)

Here, I(∈ R(l×w×3)) is the input image after color restoration and T is the transforma-
tion function. Y0 = G(I ∈ R(l×w×3)) is the final enhanced image. Finally, the equation of
repaired image is as follows:

Y = I0 + R + Y0 (4)

In this experiment, the Charbonnier loss function [5] is used to optimize the pixel loss,
which is defined as in Equation (5).

L(Y0, X∗) =
√
(||Y0 −−− X∗||2 + ε2) (5)

Here, X∗ is the ground truth image and ε represents the constant with a value of
10−4 in all experiments. Consecutively, with the combination of multi-range logarithmic
transformation f1, difference-of-convolution f 2, color upgradation f3, and output image
enhancement f4. Our model can be defined as in Equation (6).

f (X) = f4( f3( f2( f1(X)))) (6)
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F(x, y) = Ke−((x2+y2))/2σ2 is the neighboring Gaussian function, Here, K is constant
and σ is the Standard Deviation of the Gaussian Function.

3.2. Multi-Range Recursive Residual Block (MRB)

CNNs include methods [1,22] to gather multi-scale spatial information in the same
layer. In our model, the multi-range residual block (MRRB) maintains high-resolution
images while taking deep contextual data from low resolutions, which allows it to produce
a spatially exact output. According to our desired model, multiple fully convolutional
streams are connected in parallel to the MRRB architecture, as shown in Figure 3. It enables
information to flow between parallel streams, hence, low-resolution features can be used to
help consolidate high-resolution details and vice versa.

3.3. Selective Kernel Feature Synthesis

We used selective kernel feature fusion due to its self-attention (SKFS) [14]. As shown
in Figure 4, the SKFS module dynamically adjusts receptive fields using the Fuse and Select
procedures. Furthermore, the aggregation of feature maps is based on self-attention and
works with features from many convolutional streams. However, these decisions only
provide the network with a small amount of expressive capability, which was originally
shown in [23]. MRRB follows a nonlinear method to employ a self-attention mechanism to
fuse features obtained at various resolutions. We use this as selective kernel feature fusion
(SKFF) [23]. As shown in Figure 4, the SKFF module dynamically adjusts the receptive
fields using the FUSE and SELECT procedures. Various resolution stream information is
combined with the fuse operator to provide global feature descriptors. In this module,
the number of layers are increased to reduce deblurring limitations; however, it did not
generate much change from the previously established model [23].

These descriptors are used by the select operator to recalibrate the feature maps
(of various streams), which are then aggregated. Next, both operators are described in
detail for the three-stream situation. However, it is simple to expand it to more streams.
First, Fuse componentwise addition is used in multi-range characteristics, defined as
L = L1 + L2 + L3. Instead of average pooling, global maximum pooling (GMP) is used to
generate channel-channel statistics for 3-D output as L ∈ R(H×w×3), which builds channel-
to-channel statistics g ∈ R(1×1×C). After that, a dense feature S′ ∈ R(1×1×r) is generated
using image channel-downscaling CONV layer, where r = C/4 for all of our trials.

Figure 4. Updated Selective Kernel Feature Synthesis SKFS module.

Following the feature vector J, for an individual resolution stream, three parallel
channel upscaling were performed in CONV layers, producing three feature descrip-
tors M1, M2, and M3 with 1 × 1 × 3C size (each value represents the information for
one channel) squeeze vector. Second, Select—the attention module is activated and ap-
plied the softmax function operator for adaptive recalibrating multi-range feature maps.
Subsequently, the general features of the recalibration and aggregation processes were com-
puted. However, SKFS produced better results with six fewer parameters than aggregation
with concatenation.
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3.4. Dual Attention Unit (DAU)

A method was necessary to communicate information within a feature tensor, along
with the spatial and channel dimensions, similar to the SKFF block for information across
multi-resolution branches. Therefore, a dual attention unit (DAU) was implemented in
convolutional streams to extract features [24], motivated by the developments of current
low-level vision algorithms based on attention mechanisms [24]. Figure 5 represents the
schematic architecture of the DAU. Only more informative characteristics are permitted to
proceed after the suppression of less valuable ones by DAU. Channel and spatial attention
processes were used to achieve feature re-calibration.

Figure 5. Dual-Attention Module including spatial and channel attention.

3.4.1. Channel Attention (CA) Branch

Channel Attention (CA) uses squeeze and excitation procedures to utilize the inter-
channel interactions of the convolutional feature maps. The squeeze operation takes a
feature map P ∈ R(1×1×C) and uses the global average pooling across spatial dimensions
to capture the global context, thus providing a feature descriptor D ∈ R(l×w×3). After
passing the feature descriptor D through two convolutional layers and sigmoid gating,
the excitation operator creates activations D ∈ R(1×1×C). Finally, the CA branch output is
generated by re-scaling M using the activation of D.

3.4.2. 3D-Attention (3D-A) Unit

This function is also known as spatial attention, which builds a spatial attention
map to recalibrate the incoming features P. Individual global max pooling operations
on these elements as well as, in channel dimensions extract the spatial attention map
and concatenate the results to shape a Q ∈ R(2×l×w) feature map. The combination of
convoluted and sigmoid activations is a 3D attention map Q ∈ R(l×w×1), which was then
used to re-scale P.

3.5. Multi-Range Logarithmic Transformation for Image Enhancement

Original dark images pass through a multi-range logarithmic transformation fm(X),
which produces an output image X1 of the same size [25]. First, different logarithmic
transformations enhanced the dark images by following the formula,

Bj = 1 + (Vj × X) + log Vj (7)

Here, j = 1, 2, . . . , n; B = B1, B2, . . . , Bn, and Bj = jth scale outcome with (Vj + 1)
logarithmic base, where n defines the logarithmic transformation function numbers. Subse-
quently, the extracted 3D tensors Bj ∈ R(l×w×3) are concatenated to a larger 3D B ∈ R(l×w×3n)

and moved to the convolution and ReLU layers.

X1 = max(0; (BW + b− 2))(W0 + b0) (8)

Here, the convolution window (W − 1) decreases the 3n channels to three individual
channels, ReLU is maxed and the resulting W0 is a CONV kernel with three output channels,
which improves the nonlinear image [9]. Based on the previous operation, this section
primarily intends to improve the image via the weighted addition of several logarithmic
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transformations, which speed up network convergence and downsampling, increasing the
shift-equivariance of the network. The graphical representation of multiple log transforma-
tions of the dark input images is shown in Figure 6. From Figure 6, it can be determined
that the intensity level of low-light image increased with one after another input image log
transformation. In the initial condition, the intensity level was low, and consecutively, the
output intensity increased. However, the increment lines of the update images intersect
each other due to a change in the pixel value at the location of T( f (x, y)), for example, if
the pixel value of T(X1) at the location T( f (x6, y6)) was 10, after log transformation, the
pixel value at that location of T(X2) increased to 15, and consecutively, this value again
upgrades to T(X3).

Figure 6. Graphical representation of sequential multiple scale logarithm transformations of the dark
input image.

Moreover, the histogram analysis is shown in Figure 7. Here, after each log transfor-
mation, the dark input image becomes enhanced in the output image. The low-intensity
value in the input image is assigned to a wide range of output levels. The opposite is true
for the higher level.

Figure 7. Analysis of Sequential Multiple Scale Logarithm Transformations of the Dark Input Image.
(a) Histogram of the Given Image, (b) Histogram of the second stage Log Transformed Image,
(c) Histogram of the fourth stage Log Transformed Image, (d) Histogram of the sixth stage Log
Transformed Image.
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3.6. Difference-of-Convolution

First, at this stage, the multi-convolutional layers take input X1 from the previous
block using Equation (9).

C0 = 16X1Cm = maximum(0; (Cm − 1)× (Wm + b + m)) (9)

Here, m is the mth convolutional layer, where m = 1, 2, 3, . . . , N, N is the CONV layer
number and Wm represents the mth kernel. Cm concatenates to a larger 3-dimensional
tensor C and passes through the CONV layer as in Equation (10).

CN + 1 = CWN + bN + 2 (10)

Here, WN + 1 is the output of the 3× CONVlayer and the 1× 1 receptive field, which
is equivalent to the average of N images. Consequently, the generated result of fm2 is the
difference between X1 and CN + 1, so the equation can be written as in Equation (11).

X2 = fm2(X1) = X1 −−− CN + 1 (11)

3.7. Color Upgrade and Enhancement Function

Significantly, our model emulates the output image color with a 1× 1 convolution
layer and three output channels, F [24].

Y′ = fm3(X2) = X2WN + bN + 2(X + 1) (12)

The final image X3 enhanced from X2 is again mapped by the logarithmic transforma-
tion function, which follows Equation (13).

Y = T ∈ f (Y′ ∈ R(l×w×3)) (13)

Here, T defines as a Logarithmic Transformation Function and Y ∈ R(l×w×3) is the
Updated Color Image.

4. Experiments

The qualitative and quantitative results from our MSR-MIRNeT model concerning
other methods are represented in this Section. Next, (a) datasets, (b) implementation
specifics and (c) performance evaluation are described for image denoising and image
enhancement, in four standard image datasets.

4.1. Dataset
4.1.1. Image Enhancement

For this custom experiment, the customized IELLc dataset is created and is used for
the image enhancement training module. Our dataset is modeled in OpenCV and acquired
4000 raw images in low light/average light circumstances using the Samsung A71 mobile
phone camera, with the camera configuration 64 MP, f/1.8, 26 mm (wide), 1/1.72′′, 0.8 m,
PDAF. Table 1, represents our customized datasets. After randomly adjusting the brightness
and contrast of the dataset, each high-quality image creates a pair with low-quality images.
As a result, our final dataset has 1000 pairs of HQ/LQ photos. The Dataset Specifications
are mentioned in Table 2.

This dataset contains images from the manipulated area, in total, approximately
7452 square feet in the RGB channel. For a certain sensor, the distance between two
neighboring pixels projecting on the ground is defined as the Ground Sample Distance
(GSD), which is based on the camera focal length, altitude, image resolutions, etc.
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Table 1. IELLc Dataset Specification.

Levels IEllc Dataset #Images Average Image Size Image Format

Day Scene 1000 984 × 863 jpg.
Night Scene 1000 962 × 769 jpg.
Blur Images 412 745 × 653 jpg.

Noisy Images 318 787 × 689 jpg.
Compressed 58 463 × 257 jpg.

Uncompressed 32 872 × 623 jpg.

Table 2. Distribution of Training and Testing Dataset of IELLc Dataset.

IELLc Dataset

Attribute Train Test
Sensors Sequoia Sequoia

Resolution 1024 × 960 840 × 620
Area covered (ha) 0.153 0.72

GSD (cm) 0.93 0.97
Tile resolution (row/col) 90/120

#Effective tiles 125 90
#tiles in row/# tiles in col 16 × 16 14 × 14

Padding info (row/col) pixels 35 × 70 45 × 115
#Orthomosaic map 3
Input Image Size 512 × 512

#Training data 2800 1200

The distribution of training and testing data features of the IELLc dataset is mentioned
in Table 2. Here, training and test data are distributed in a 70%/30% ratio. The input
image is re-sized by twice downsampling for associating with the storage of the GPU. The
difference between the accurate pixel value quantity and the null pixel value quantity of
each image is the number of effective tiles. This occurred due to the misalignment of the
sequential image in the diagonal orthomosaic map.

The padding information defines the additional blank pixels in rows and columns,
and average-max pooling is used. Orthomosaic maps are diagonally aligned, so tiles from
the upper left or bottom right corners are entirely black images. Three orthomosaic maps
were used as the RGB channel. The number of tiles in the row/col indicates the number of
tiles (i.e., 480× 360 images) in a row and column, respectively. The padding information
denotes the number of additional black pixels in rows and columns to match the size of the
orthomosaic map with a given tile size. The visual representation of the IELLc dataset is
shown in Figure 8.

In addition, ExDark (Exclusively Dark Image Dataset) [15] is used, an assembly of
7363 dark photos ranging from extremely dark circumstances to moonlit nights under
10 distinct circumstances, annotated on both image class level and local item leaping
boxes (similar to PASCAL VOC). Our dataset is trained on the custom IELLc data set and
evaluated the test images on both the custom real-world IELLc data set and the ExDark [15]
data set.

4.1.2. Image Denoising

CID (Campus Image Dataset) [21] is utlized since our model is based on Multi-Scale
Logarithmic Transformation. The CID (Campus Image Dataset) is a dataset made of
Android programming. It is a group of elementary components that captures raw images
after every 8 exposure-time intervals. In addition, for higher accuracy and a better result,
the CID dataset is merged with the Extreme low light denoising (ELD) dataset [20]. ELD
incorporates 10 indoor scenes from 4 multiple brand cameras (Sony A7S2, Nikon D850,
Canon EOS70D, Canon EOS700D). All cameras were sourced from local retailers however
manufacture in Japan. It includes all three levels (800, 1600, and 3200) and two low light
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factors (100 and 200) for noisy images, which subsequently generate 240 (3× 2× 10× 4)
raw image pairs.

Figure 8. Visual Representation of Customized IELLc Dataset.

5. Training Execution Details

Our model is trained from the data preprocessing module. The training and testing
data specifications are mentioned in Table 2. Three different networks are trained in three
separate tasks and these three training parameters are shared with all experiments. We
have run our model in Google Colab, using TensorFlow 2.7 and NVIDIA Tesla T4 GPU.
To execute the training process, three RRGs are combined; each RRG block contains two
MRRBs. The MRRB is made up of three parallel streams with channel widths of 32; 64;
and 128 and resolutions of 1:12:14, respectively, as there are two DAUs in each stream.
For 6× 115 iterations β1 = 0.82 and β2 = 0.999), the Adam optimizer is used to train the
models, and the primary learning rate was 2.5× 10−4. Our model was run in multiple
numbers logarithmic transformation functions, such as j = 6 and B = 15; 125; 225; 350,
respectively, which generates better results than single scale logarithmic transformation,
shown in Figures 6 and 7, respectively. Following the cosine annealing method [9] our
model gradually develops the value, as a result, the learning rate is reduced to 10−9 from
its primary value. The 64× 64 patches size is extracted from training pictures. The batch
sizes with 5 pooling layers and horizontal and vertical flips were conducted to enrich the
output image details.

6. Result Analysis
6.1. Image Enhancement

Here, our proposed MSR-MIRNeT method is evaluated for image enhancement in
custom real-world Image Enhancement in Low Light Condition (IELLc) datasets and Ex-
Dark [15] datasets in terms of previously established methods. The values of the peak
signal-to-noise ratio (PSNR)/structural similarity index measure (SSIM) of our approach
are given in Table 3. Our MSR-MIRNeT accomplishes notable advancements over earlier
methods/ The PSNR value of MSR-MIRNet is shown in Table 3 using Green color. Sig-
nificantly, our MSR-MIRNeT model was found to achieve a PSNR gain of 3.66 dB over
MIRNeT [5] and compared to the most recent top techniques in the ExDark [15] datasets,
our proposed model achieved an improvement of 1.81 dB over deep Retinex-Net [11].

The performance evaluation of this model with respect to the ExDark Dataset [15]
shows that the qualitative values of the intensity and contrast parameters of the regen-
erated image are almost visually closer to the ground truth. MSR-MIRNeT (proposed
model) obtains 1.56 dB PSNR gain over MIRNeT and on the ExDark [15] datasets 2.06 dB
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improvement over MIRNeT Figure 2. It was also noticed in Table 3 that the PSNR of the
deep Retinex-Net method (represented in Blue color) for customized IELLc Dataset and
ExDark Dataset [15] produces the nearest outcome.

Table 3. Evaluation of the dark image enhancement performance of existing ExDark [15] and our
preprocessed IELLc datasets concerning our model and existing methods.

Methods
IELLc Dataset ExDark [15]

PSNR↑ SSIM↓ PSNR↑ SSIM↓

MSR [4] 24.79 0.911 25.27 0.919
(RED-Net) [12] 25.67 0.917 26.57 0.911
MIRNeT [5] 26.17 0.949 27.01 0.950
deep Retinex-Net [11] 27.52 0.951 27.79 0.959
Proposed Model 29.73 0.963 30.07 0.952

6.2. Image Denoising

The performance of our proposed MSR-MIRNeT is represented for image denoising.
The quantitative comparisons of denoising with respect to PSNR and SSIM measurement
are summarized in Table 4. Compared to traditional data-driven denoising algorithms, our
MSR-MIRNeT provides the standard result in PSNR.

Table 4. Comparison of image denoising in the CID data set [21] and ELD [20] with respect to our
model and existing methods.

Methods
CID Dataset [21] ELD [20]

PSNR↑ SSIM↑ PSNR↑ SSIM↑

(RED-Net) [12] 34.02 0.901 33.67 0.917
MSR [4] 36.52 0.916 34.03 0.919
R2RNet [9] 37.07 0.931 35.02 0.909
MIRNeT [5] 37.98 0.937 36.26 0.942
deep Retinex-Net [11] 38.17 0.926 37.87 0.959
Proposed Model 39.26 0.967 38.02 0.951

Compared to the CID dataset, our approach outperforms R2RNet [9] and MIRNeT [5]
by 2.19 dB. In the Extreme low-light denoising dataset ELD [20] our model provides
standard PSNR results in comparison to the others; however, the deep Retinex-Net model
provides slightly better results than our model. From Figure 9a, it can be seen that the
denoising accuracy is almost 97.67 percent. From Figure 9b, it is also noticeable that the
training loss is less than the validation loss, which defines our model run well.

Figure 9. (a) PSNR VS Epoch Curve, (b) Loss VS Epoch Curve [β1 = 0 : 82 and β2 = 0 : 99, Adam
optimizer, 21 batches, 150 Epoch].
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7. Ablation Study

At the time of the training session, it was noticed that our proposed model did not
provide a top-notch outcome for multiple-sequence images. The learned perceptual image
patch (LPIPS) parameter compares the perceptual similarity between two images, as shown
in Table 5. SKFF is beneficial for convolution streams and improves performance. Our
training shows that SKFF and DAU concatenation provides significantly better results than
a single application of SKFF or concatenation. Moreover, adding ReLU to each convolution
layer and increasing the number of streams improves the image quality.

Table 5. LPIPS result of different datasets used in the MSR-MIRNeT model.

Evaluation Parameter Methods

CID Dataset [21] ELD Dataset [20] IELLc ExDark [15]
LPIPS 48.2 30.62 32.75 33.17

8. Conclusions

In this article, a different hybrid architecture is implemented that combines two
contemporary approaches with multiple training modules: the primary phase provides full-
resolution processing and the secondary phase of parallel components provides enhanced
contextualized features. In this paper, a strategy is proposed to identify concatenation
correlations between various multiscale branch features. A CONVNet (MSR-MIRNeT) is
designed that directly learns a mapping between dark and bright images from beginning
to end with multi-scale logarithmic transformation and recursive residual block concate-
nation. In feature fusion technology, the receptive field dynamically modifies the output
without losing the original feature information. The recognition of the expected results for
picture enhancement and restoration repeatedly attests to the effectiveness of the proposed
approach. However, perceptual loss and visual blurring are still issues. To overcome these
limitations, our focus will be on permutation-invariant work using burst-photography
datasets in future research.
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