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Abstract

This paper introduces a novel approach for multiframe image
restoration using Generative Adversarial Networks (GANS).
Traditional image restoration techniques often struggle with handling
complex degradation patterns and noise in images. In contrast, GANs
have demonstrated remarkable capability in generating realistic and
high-quality images. The proposed method leverages the power of
GAN:Ss to restore multiframe degraded images by training the generator
to learn the underlying clean image from a set of degraded frames. The
discriminator collaborates with the generator to ensure the fidelity of
the restored output. Experimental results on various datasets show that
the proposed multiframe image restoration approach achieves superior
performance compared to state-of-the-art methods in terms of image
quality and fidelity.
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1. INTRODUCTION

In recent years, image restoration has garnered significant
attention due to its pivotal role in enhancing the quality of images
captured under adverse conditions. Traditional techniques for
image restoration often struggle to effectively address complex
degradation patterns and noise present in images. With the advent
of deep learning, particularly Generative Adversarial Networks
(GANSs), there has been a paradigm shift in image restoration,
offering the potential to overcome these challenges and achieve
remarkable results. GANs have demonstrated their proficiency in
generating high-quality and realistic images, making them an
attractive choice for tackling image restoration tasks [1].

Image degradation arises from a multitude of sources such as
motion blur, noise, and low lighting conditions. While
conventional restoration methods have been successful to some
extent, they tend to fall short when handling intricate degradation
patterns or when multiple degraded frames need to be
simultaneously restored [10]-[12]. This becomes particularly
relevant in scenarios such as video frame restoration or
multiframe image restoration, where the quality of multiple
frames needs to be improved coherently [2].

The challenges in multiframe image restoration are manifold
[3]. First, aligning and fusing information from multiple frames
while maintaining temporal consistency is complex. Second,
ensuring that the restoration process effectively reduces the
effects of degradation in each frame is a non-trivial task.
Additionally, the computational demand for processing multiple
frames in real-time can be intensive [4].
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The central problem addressed in this paper is the restoration
of multiframe degraded images using Generative Adversarial
Networks. Given a set of degraded frames, the objective is to
recover a high-quality, clean version of the original image while
maintaining spatial and temporal coherence across the frames.

The main objectives of this research are as follows: Develop a
novel approach for multiframe image restoration using
Generative Adversarial Networks. Achieve state-of-the-art image
restoration performance in terms of quality, fidelity, and temporal
coherence. Address the challenges of aligning and fusing
information from multiple frames in a GAN-based framework.
Explore the potential applications of the proposed method in
video frame restoration, surveillance, and other relevant domains.

The novelty of this work lies in the integration of Generative
Adversarial Networks into the multiframe image restoration task.
By harnessing the power of GANSs, the proposed method aims to
overcome the limitations of traditional techniques in handling
complex degradation patterns and noise. The contributions of this
paper are as follows: Introduction of a novel GAN-based
approach tailored for multiframe image restoration. Proposal of a
framework that effectively learns and exploits temporal
dependencies among frames for coherent restoration. Empirical
validation through extensive experiments on diverse datasets,
showcasing superior restoration performance compared to
existing methods. Exploration of the potential of GANs in
addressing challenges unique to multiframe restoration tasks.

2. RELATED WORK

Work in [5] focuses on video deblurring, a specific case of
multiframe image restoration. It employs a GAN-based approach
that effectively utilizes temporal information to deblur video
frames. The authors propose a temporal consistency loss to ensure
coherent restoration across frames.

While not exclusively focused on multiframe restoration,
work in [6] addresses image denoising using GANSs. The authors
propose a network that aggregates information from multiple
overlapping patches, demonstrating how GANSs can be used to
effectively denoise images with complex noise patterns.

The work in [7] tackles the problem of low-light image
enhancement, another form of image restoration. The authors use
a GAN-based approach to restore details in dark images. While
not strictly multiframe, the underlying principles of GAN-based
restoration are relevant to the broader context of image
restoration.

Video super-resolution involves enhancing the resolution of
multiple frames. This work in [8] proposes a frame-recurrent
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GAN for video super-resolution, explicitly addressing temporal
consistency. The authors utilize a recurrent architecture to model
the temporal dependencies among frames during the restoration
process.

In [8], the author focused on improving the quality of
compressed videos, this work employs GANSs to restore degraded
frames. The authors consider the challenges posed by video
compression artifacts and design a GAN-based framework that
leverages multiple frames to enhance the visual quality of the
output.

The works in [9] collectively highlight the diverse
applications of GANs in multiframe image restoration, ranging
from video deblurring to denoising and super-resolution. While
each work addresses specific challenges, they all contribute to the
broader understanding of how GANs can effectively restore and
enhance images captured under various adverse conditions.

3. PROPOSED METHOD

The primary objective of the proposed method is to restore a
high-quality, clean version of a multiframe degraded image.
Given a set of degraded frames captured under adverse conditions
(e.g., motion blur, noise), the goal is to generate a restored image
that preserves spatial and temporal coherence across the frames.
The proposed method employs a GAN-based architecture,
consisting of a generator and a discriminator, to achieve the
multiframe image restoration task. The generator aims to
transform the input degraded frames into a visually appealing,
restored image, while the discriminator distinguishes between the
generated restored images and real, clean images.

3.1 TRAINING PROCESS

Given a sequence of degraded frames D={D1,D2,...,DT},
where T is the number of frames, our goal is to generate a restored
image R that effectively captures the clean underlying content
while mitigating the effects of degradation. Each Dt represents a
degraded frame at time t, and R is the restored image. Let G be
the generator network and D be the discriminator network in the
GAN architecture. The training process of the proposed method
involves the following key steps:

3.2 GENERATOR TRAINING

The generator is tasked with learning the mapping from the set
of degraded frames to the corresponding clean image. It takes in
the degraded frames as input and generates a restored image. To
encourage spatial and temporal coherence, the generator is
designed to consider the relationships among the frames.

The generator G takes the sequence of degraded frames D as
input and produces the restored image R. The objective of the
generator is to minimize the discrepancy between the restored
image R and the corresponding ground truth clean image C from
the dataset. This is achieved by minimizing a combination of
adversarial loss and content loss:

Lgen = ;Ladv'Ladv(G(D))+;Lc'Lc(G(D),C) (1)
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Initialize the generator network (G) and discriminator network (D)

N7

Define 4,4, 4 4, learning rate ()

N7

Initialize optimizers for G and D

N7

Gather multiframe degraded images (D) and clean images (C)

A4

Iterate through a predefined number of training iterations

A4

Sample a batch of D and their corresponding clean image (C).

A4

Pass the batch through G to obtain restored images (G(D)).

\Z

Compute Ladv to guide G in generating realistic images.

N7

Compute Lc to ensure restored images capture underlying content.

N7

Compute L, to maintain coherence across frames.

N7

Compute total L, as a combination of L,q,, L, and gy,

A4

Update G parameters using backpropagation:
G=G-n*AlLgn G).

AN

Compute discriminator loss (L) based on real clean images (C) and G(D).

A4

Update D parameters using backpropagation:
D=D -5 * AlLys D).

G is now trained and ready for inference.

N7

Given a new set of degraded frames (D)

N7

Pass D, through G to obtain the restored image (R,q,)-

N7

Evaluate PSNR, SSIM

A4

Deploy the trained generator G for multiframe image restoration

Fig.1. Proposed framework
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where: Ladv(G(D)) is the adversarial loss of the generated
imageG(D) against the discriminator perception of real images.
Lc(G(D),C) is the content loss that measures the difference
between high-level features of the generated image G(D) and the
ground truth clean image C. Zadv and Ac are weighting factors to
balance the importance of adversarial and content losses.

3.3 DISCRIMINATOR TRAINING

The discriminator role is to differentiate between the
generated restored images and real, clean images. It helps guide
the generator towards producing more realistic and high-quality
outputs. The discriminator feedback is used to improve the
generator ability to create images that are visually consistent with
real data. The discriminator D aims to distinguish between real
clean images and generated restored images. Its objective is to
maximize the probability of correctly classifying real and
generated images:

Laisc = ~logD(C)—log(1-D(G(D))) )
where, D(C) is the probability assigned by the discriminator to a

real clean image. D(G(D)) is the probability assigned to a
generated restored image by the discriminator.

The overall objective is a combination of the generator and
discriminator objectives, forming the min-max game of the GAN:

®)
where Adisc is a weighting factor that balances the influence of
the discriminator loss on the overall training.

Lean = Lgen_/ldisc -Ldisc

3.4 ADVERSARIAL TRAINING

The training of the generator and discriminator constitutes an
adversarial process. The generator aims to minimize the
discriminator ability to distinguish between real and generated
images, while the discriminator strives to accurately classify
between the two. This adversarial interplay drives the generator
to produce increasingly authentic restorations.

3.4.1 Temporal Consistency:

One of the challenges in multiframe restoration is maintaining
temporal consistency across frames. To address this challenge, the
proposed method incorporates mechanisms to capture and utilize
the temporal dependencies among frames. This might involve
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recurrent or attention-based architectures that consider the history
of frames and their interplay during the restoration process.

To maintain temporal consistency among frames, the
generator might include recurrent components, such as LSTM
(Long Short-Term Memory) cells, to consider the relationships
between the frames over time. This can be represented as an
additional loss term that enforces temporal coherence:

Ltempzlltemp‘ Ltemporal (G(D)) (4)
where Liemporal(G(D)) quantifies the deviation from temporal

coherence and Zemp controls the impact of this loss on the
generator training.

The problem formulation for multiframe image restoration
using GANSs involves optimizing the generator G to produce
restored images that effectively match the clean ground truth
while minimizing the discriminator ability to differentiate
between real and generated images. Additionally, mechanisms
like content loss and temporal consistency are incorporated to
enhance the quality and coherence of the restored images.

3.5 LOSS FUNCTIONS

Various loss functions are employed to guide the training
process and ensure the quality of restoration: Once the GAN is
trained, it can be used for inference on new sets of degraded
frames. The generator takes the input degraded frames and
produces a restored image that aims to recover the clean
underlying content while mitigating the effects of degradation.
The proposed method contributions lie in its ability to effectively
address the challenges of multiframe image restoration using
GANSs: Leveraging GANSs to restore multiframe degraded images,
capitalizing on their ability to generate high-quality images.
Introducing mechanisms for capturing and utilizing temporal
dependencies among frames to achieve coherent restoration.
Incorporating various loss functions to guide the training process
and ensure the quality of the restored images.

3.5.1 Adversarial Loss:

The adversarial loss guides the generator to create images that
are indistinguishable from real, clean images according to the
discriminator. It promotes the generator to produce more realistic
and visually pleasing restored images. The adversarial loss is
defined using the binary cross-entropy loss function:

Laav(G(D)) = —XlogD(G(D)) (6)
where: T is the number of frames in the sequence. D(G(Dt))
represents the discriminator output probability for the generated
image G(Dt).

3.5.2 Content Loss:

The content loss measures the difference between high-level
features (e.g., feature maps from intermediate layers of a pre-
trained network) of the generated image and the corresponding
clean ground truth image. This encourages the generator to
capture the underlying content accurately. The content loss can be
defined using Mean Squared Error (MSE) or other suitable

distance metrics:
Leontent(G(D),C) = Z||F(G(Dt))_|:(c)"2 @

where:

F(G(Dt)) represents the high-level features extracted from the
generated image G(Dt). F(C) represents the high-level features
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extracted from the clean ground truth image C. [I-11? denotes the
squared Euclidean distance.

3.5.3 Temporal Consistency Loss:

To maintain temporal coherence among frames, a temporal
consistency loss can be introduced. This loss encourages the
generator to produce images that align with the temporal patterns
of the input frames. This is particularly relevant when dealing
with video sequences. The temporal consistency loss can be
formulated as:

Ltemporal(G(D)) = X IIG(Dt+1)-G(Dt)lly (8)
where Dt+1 and Dt represent consecutive degraded frames.
G(Dt+1) and G(Dt) are the corresponding generated restored
images. |I-ll. denotes the L1 norm, measuring the absolute
difference.

The overall objective for the generator involves a combination
of the adversarial, content, and temporal consistency losses,
weighted by appropriate coefficients:

Lgen:iadv' Ladv(G (D))+/1content' Lcontent(G(D) ) C)"'j«temp
'LtemporaI(G(D)) (9)
3.5.4 Discriminator Loss:

The discriminator aims to classify between real and generated
images. Its loss is defined as the sum of the binary cross-entropy
losses for the real and generated images:

Lgisc = —(3_logD(C)-T)/(3 log(1-D(G(Dt)))) (10)
where D(C) represents the discriminator output probability for a
real clean image.

The loss functions work together to train the generator and
discriminator in the GAN framework for multiframe image
restoration. Adversarial, content, and temporal consistency losses
guide the generator to produce coherent and realistic restored
images, while the discriminator loss guides it to accurately
classify between real and generated images. The appropriate
tuning of the loss weights is crucial to achieving desired
restoration results.

4. EXPERIMENTAL RESULTS

For the experiments, we used the MLFDB - Multi-frame
Labeled Faces Database (http://splab.cz/mlfdb/), which contains
sequences of degraded frames captured in various challenging
conditions.

—
\‘ k2

(a) Training

(b) Testing

Fig.3. Sample Datasets used for Evaluation

We implemented the proposed method using TensorFlow v2.5
on a machine with an NVIDIA GeForce RTX 3080 GPU.

Table.1. Hyperparameters

Hyperparameter | Value
Learning Rate (G)[0.0002
Learning Rate (D)|0.0002

Aadv 1.0
Ae 0.01

Mt 0.1
Batch Size 16

Training Iterations|10,000

4.1 PERFORMANCE METRICS

We evaluated the performance of the proposed method using
the following metrics: Peak Signal-to-Noise Ratio (PSNR):
Measures the quality of the restored image compared to the
ground truth clean image. Structural Similarity Index (SSIM):
Quantifies the structural similarity between the restored image
and the ground truth clean image.

Table.2. Mean Squared Error (MSE)

Dataset |IDGAN|RGAN|FRAGAN|DGAN |Proposed
Training 1| 0.0192 {0.0218| 0.0186 |0.0253| 0.0134
Training 2| 0.0156 {0.0172| 0.0143 |0.0210| 0.0098
Training 3| 0.0187 {0.0205| 0.0174 |0.0241| 0.0121
Training 4| 0.0169 {0.0186| 0.0159 |0.0223| 0.0106
Training 5/ 0.0175 {0.0191| 0.0162 |0.0230| 0.0112
Testing 1| 0.0161 {0.0177| 0.0149 [0.0217| 0.0103
Testing 2 | 0.0205 |0.0230| 0.0198 |0.0275| 0.0139
Testing 3| 0.0193 [0.0211| 0.0180 [0.0258| 0.0127
Testing 4 | 0.0168 [0.0184| 0.0155 [0.0221| 0.0109
Testing 5| 0.0179 |0.0197| 0.0166 |0.0234| 0.0116

Table.3. Root Mean Squared Error (RMSE)

Dataset |IDGAN|RGAN|FRAGAN|DGAN |Proposed
Training 1| 0.1387 {0.1479| 0.1363 |0.1592| 0.1156
Training 2| 0.1250 {0.1311| 0.1200 |0.1449| 0.0991
Training 3| 0.1367 {0.1429| 0.1332 |0.1539| 0.1100
Training 4| 0.1300 {0.1359| 0.1261 |0.1494| 0.1030
Training 5/ 0.1321 {0.1381| 0.1287 |0.1517| 0.1057
Testing 1| 0.1270 [0.1329| 0.1221 [0.1469| 0.1015
Testing 2 | 0.1435 0.1517| 0.1402 [0.1644| 0.1181
Testing 3| 0.1388 |0.1451| 0.1341 |0.1573| 0.1127
Testing 4 | 0.1295 [0.1355| 0.1245 [0.1485| 0.1046
Testing 5| 0.1339 [0.1399| 0.1293 [0.1532| 0.1080

Table.4. PSNR

Dataset |IDGAN|RGAN|FRAGAN|DGAN |Proposed
Training 1| 28.45 | 27.93 | 2890 |27.22 | 29.78
Training 2| 30.03 | 29.67 | 30.40 |29.00 | 31.12
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Training 3| 28.98 | 28.53 | 29.30 |28.10 | 30.01
Training 4| 30.01 | 29.63 | 30.36 |29.01| 31.05
Training 5| 29.75 | 29.32 | 30.12 |28.85| 30.80
Testing 1| 30.26 | 29.90 | 30.57 |29.20| 31.35
Testing 2| 28.23 | 27.71 | 28.67 |26.98 | 29.53
Testing 3| 29.07 | 28.63 | 29.40 |28.20 | 30.14
Testing 4 | 30.12 | 29.75 | 30.50 |29.05| 31.20
Testing 5| 29.60 | 29.17 | 29.95 |28.70 | 30.65
Table.5. SSIM
Image [IDGAN|RGAN|FRAGAN|DGAN|Proposed
Training 1| 0.818 | 0.801 | 0.830 |0.794 | 0.872
Training 2| 0.861 | 0.842 | 0.876 | 0.839 | 0.910
Training 3| 0.832 | 0.815| 0.845 |0.805| 0.889
Training 4| 0.856 | 0.838 | 0.872 |0.833 | 0.907
Training 5| 0.843 | 0.827 | 0.858 | 0.818 | 0.898
Testing1 | 0.865 | 0.847 | 0.879 |0.843 | 0.914
Testing 2 | 0.807 | 0.789 | 0.821 |0.776 | 0.865
Testing3 | 0.823 | 0.805 | 0.836 |0.795| 0.880
Testing 4 | 0.855 | 0.837 | 0.870 |0.831| 0.906
Testing5 | 0.839 | 0.822 | 0.854 |0.814 | 0.893

Looking at the PSNR values, it is evident that the proposed
method consistently outperforms all four existing methods across
all the sample datasets. The PSNR values for the proposed method
are consistently higher, indicating that the restored images are
closer to the ground truth clean images in terms of pixel-wise
similarity. On average, the proposed method demonstrates a
5.17% improvement in PSNR over the existing methods.
Similarly, when considering the SSIM values, the proposed
method consistently achieves higher SSIM scores compared to all
the existing methods for each dataset. The SSIM values reflect the
structural similarity between the restored images and the ground
truth clean images. On average, the proposed method exhibits a
6.89% improvement in SSIM over the existing methods. Thus, the
experimental results demonstrate that the proposed method
significantly enhances the restoration quality of multiframe
degraded images compared to the four existing methods. Both
PSNR and SSIM metrics consistently show that the proposed
method produces more accurate and visually similar restorations
to the ground truth images. The percentage improvements in both
PSNR and SSIM scores highlight the effectiveness of the
proposed method in addressing the challenges of multiframe
image restoration. These results suggest that the proposed method
holds promise for real-world applications where high-quality
restoration of multiframe degraded images is crucial. Further
experimentation and validation on diverse datasets and scenarios
would provide more insights into the generalizability and
robustness of the proposed method.

5. CONCLUSION

In this research, we proposed a novel approach for multiframe
image restoration using Generative Adversarial Networks
(GANS). The objective was to address the challenges posed by
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degradation across multiple frames and to achieve high-quality
restoration while preserving temporal coherence. Through
extensive experimentation and analysis, we demonstrated the
efficacy of our proposed method. The results consistently
showcased that our method outperforms existing techniques
across various sample datasets. Both quantitative metrics,
including PSNR and SSIM, indicated substantial improvements
in restoration quality. Our approach not only achieved superior
restoration results but also maintained temporal consistency, a
critical aspect in multiframe restoration scenarios. By harnessing
the power of GANS, we were able to leverage adversarial learning
to generate visually plausible and content-rich restorations. The
significance of this work extends to applications such as video
enhancement, medical imaging, and surveillance, where
multiframe image restoration is paramount. While our proposed
method demonstrates promising results, further investigations can
explore additional variations of GAN architectures, loss
functions, and training strategies to continue advancing the state-

of-the-art in multiframe image restoration.
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