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Abstract

We advocate to repair vintage pix that be afflicted by
excessive degradation via a deep mastering approach. Unlike
conventional recovery duties that may be solved via
supervised mastering, the degradation in actual pix is
complicated and the area hole among artificial pix and actual
vintage pix makes the community fail to generalize.
Therefore, we advocate a unique triplet area translation
community via way of means of lever- ageing actual pix
alongside big artificial photo pairs. Specifically, we teach
variational autoencoders (VAES) to respectively remodel
vintage pix and easy pix into latent areas. And the
interpretation among those latent areas is found out with
artificial paired data. This translation generalizes properly to
actual pix due to the fact the do- essential hole is closed
withinside the compact latent space. Besides, to cope with
more than one degradation jumbled in one vintage photo, we
layout a worldwide department with a partial nonlocal block
tar- getting to the established defects, along with scratches
and dirt spots, and a nearby department concentrated on to the
unstructured facts, along with noises and blurriness. Two
branches are fused withinside the latent space, main to
progressed functionality to repair vintage pix from more than
one defects. The proposed technique out- plays ultra-modern
techniques in phrases of visible first-class for vintage pix
recovery.

Introduction

Photos are taken to freeze the memorable moments that
otherwise gone. Even time is going through, you may
nonetheless evoke memories of the loved ones through
viewing them.

Nonetheless, quality image prints go to pot whilst stored in
terrible environmental condition, which is the reasons of
precious image content material permanently broken.
Fortunately, as cell cameras and scanners turn out to be

greater accessible, human can now digitalize the images.
However, guide retouching is generally exhausting and time
consuming, which leaves piles of vintage images not possible
to get restored. Hence, it's attractive to layout automated
algorithms that may right away restore blur images for folks
that want to deliver blur images again to life. Prior to the deep
studying era, there are a few attempts [1, 2, 3, 4] that repair
images through routinely detecting the localized defects
which include scratches and blemishes, and filling withinside
the broken regions with inpainting techniques. Yet those
strategies attention on finishing the lacking content material
and none of them can restore the spatially uniform defects
which include movie grain, special effect, color fading, etc.,
so the images after healing nonetheless seem old as compared
to fashionable photographic images. With the emergence of
deep learning, you may cope with numerous low-degree
photo restoration problems [5, 6, 7, 8, 9, 10] through
exploiting the effective illustration functionality of
convolutional neural networks, i.e., studying the mapping for
selected mission from many synthetic images.

However, the same framework does not apply to the
restoration of old photographs. First, the aging process of old
photographs is quite complex and there is no degradation
model that can realistically represent the artifact of old
photographs. Synthetic data is poorly generalized from actual
photos. Pixels in the neighborhood, while structured defects,
e.g., scratches, dust spots etc. must be repaired with an overall
picture context.

To avoid these problems, we formulate the restoration of old
photos as a triplet domain translation problem. In contrast to
previous image translation methods [11], we use age data
from three domains (i.e., real old photos, synthetic images and
the corresponding real terrain) and the translation is
performed in the latent dream. Synthetic images and real
photos are first transformed into the same latent dream with a
common variation auto coder [12] (VAE). In the meantime,
another UAE is being trained to project the truth of the terrain
into the appropriate latent space. The mapping between the
two latent spaces is then learned with the synthetic image
pairs, thereby restoring the damaged images to clean images.
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The advantage of the latent restoration is that the learned
latent restoration can easily be generalized to real photos due
to the domain alignment within the first VAE. In addition, we
differentiate between mixed degradation and propose a partial
non-local block that takes long-term dependency into
account. latent features to target structured defects during
latent translation. We tested the effectiveness of our approach
in restoring multiple degradations from real photos against
several leading restoration methods.

1. Related Work

Recovery of images with a single degradation. Existing image
degradation can be roughly divided into two groups:
unstructured impairments such as noise, blurring, fading, and
low resolution, and structured degradations such as holes,
scratches, and stains. , traditional works often set different
pictorial priorities, including non-local self-likeness [13, 14,
15], scarcity [16, 17, 18, 19], and local smoothness [20, 21,
22]. Methods based on various image degradations have also
been proposed, such as noise reduction [5, 6, 23, 24, 25, 26,
27], super resolution and blur removal [8] Compared to
unstructured degradation, structured degradation is more
demanding and is often modeled as the "picture painting"
problem. Thanks to its powerful semantic modeling
capabilities, most of the most powerful painting methods are
based on learning.

For example, you hide the hole regions within the convolution
operator and apply grid focus only to the non-hole features.
Many other methods consider both local patch statistics and
global structures for best painting results. In particular, it has
been proposed to use an attention layer to use the remote
context and the appearance flow is explicitly estimated so that
the textures in the hole regions can be directly synthesized
based on the appropriate patches.

Regardless of structured or unstructured degradation, while
the above learning-based methods will produce remarkable
results, they are all trained on synthetic data. Hence, the
performance of the actual data set is highly dependent on the
quality of the synthetic data. They are often seriously
degraded by an unknown degradation mix, and the underlying
degradation process is much more difficult to precisely
characterize. In other words, the network trained on synthetic
data only suffers from the domain gap problem and will
perform poorly in the En article, we modeled the actual old
photo restoration as a new triplet domain translation problem
and introduced some new techniques to minimize the domain

gap.

Recovering images with mixed degradation. In reality,
damaged image can have intricate imperfections combined
with scratches, loss of resolution, color fading and film noise.
However, research on the resolution of mixed degradation is
much less explored. 39] proposed a toolbox comprising
several lightweight networks, each of which is responsible for
a particular degradation. You will then get to know a
controller that dynamically selects the operator from the
toolbox. Convolution operations in parallel and uses the
attention mechanism to select the most appropriate
combination of operations; however, these methods are still
based on supervised learning from synthetic data and
therefore cannot be generalized to real photos. They do not
allow for any textured flaws like the image in the painting. On
the other hand, we found that the deep neural network
inherently resonates with low level image statistics and
therefore can be used as an image prior to restoring dummy
images without external training data. This method, although
not mentioned in [21], has the potential to restore wild images
corrupted by mixed factors. In comparison, our approach is
characterized by performance and recovery efficiency.

Restoration of old photographs. Restoring old photographs is
a classic mixed degradation problem, but most existing
methods [1, 2, 3, 4] focus solely on painting. Low-level
features which were then painted with the surrounding
textures.

However, the handcrafted models and low-level features they
use are difficult to spot and good to correct, and neither of
these methods consider restoring some unstructured
imperfections like color fading or low resolution along with
painting the dated. In this thesis, we investigate this problem
using a data-driven approach that can restore images of
multiple defects at the same time and convert old, badly
damaged photos into a modern style.

2. Method

Unlike traditional image restoration tasks, restoring old
photos is more challenging: First, old photos contain much
more complex degradation that is difficult to realistically
model, and there is always a domain gap between photos,
synthetic and real photos. They generally cannot be
generalized well to real photos simply by learning from
synthetic data. Second, defects in old photos consist of
multiple degradations that essentially require different
strategies for restoration. can be restored with spatially
homogeneous filters using the surrounding pixels within the
local patch; Structured flaws such as scratches and stains, on
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the other hand, have to be painted with a view to the overall
context in order to ensure structural consistency. In the
following we propose solutions to address the problem of
generalizability or the problem of mixed degradation.

2.1 Restoration via Latent Space

Translation

In order to close the domain gap, we have formulated the
restoration of old photos as an image translation problem,
where we treat clean images and old photos as images from
different domains and want to learn the intermediate
mapping. Image translation method, which links two different
domains [11, 22], we translate images through three domains:
the real photo domain R, the synthetic domain X, in which the
images are subject to artificial deterioration, and the real
domain of the corresponding terrain consisting of AND from
pictures with no deterioration.

This major translation triplet is vital to our endeavors as it
takes advantage of the actual unlabeled photos as well as a
large amount of synthetic data tied to the basic truth.

We denote images of three domains withr R, x € X and and
€ Y, where x and y are paired by data synthesis, i.e. H. x is
degraded from y.

X
e
R
S

ERr Zr

Figure 1: Tllustration of our translation method
with three domains,

Corrupted pictures and real old photos are damaged and look
similar. We align their latent space in a common domain by
imposing some constraints. Therefore, ZR = ZX applies. This
aligned latent space encodes properties for all damaged
images, regardless of whether they are synthetic or real

. Then we propose to learn how to restore the image in latent
space. Using the

synthetic data pairs {x, y} N, we learn in particular how to
translate the latent space of falsified images, ZX, into the
latent space of ground truth, ZY, using the TZ mapping: ZX
7 — ZY, where ZY can be replaced by the GY generator can
be further inverted in Y: ZY 7 — Y.By learning the
translation of latent space, the real old photos r can be restored
by executing the assignments sequentially,

R - Y=GY  TZ - ER (r). (1)

Domain Alignment in UAE Latent Space A key to our
method is to satisfy the assumption that R and X are encoded
in the same latent space. For this purpose we propose to use a
Variational Autoencoder [12] (VAE) to encode images with
a compact representation, the domain gap of which is then
examined by an opposing discriminator [23]. We use the
network architecture shown in Figure 3 to implement this
concept.

In the first stage, two VAEs for latent representation are
learned. The old photos {r} and the synthetic images {x}
share the first with the name VAEL, with the ER, X encoder
and the GR, X generator, while the real terrestrial images {y}
share the second, VAE2 . the encoder-generator pair {EY,
GY} are supplied. VAEL is shared for both r and x, so images
from both damaged domains

can be assigned to a shared latent space.The UAE adopts a
Gaussian prior for the distribution of latent codes so that
images can be reconstructed by scanning the latent space. We
use the reparametrization trick to enable differentiable
stochastics

To clean up the real photo mapping {r} N to clean up images
Sampling and optimization of VAE1 with data {r} is difficult
because they are not paired and therefore not suitable to use.

S0 we suggest to split the translation into two stages, which
are in Figure 2 are shown.

First, we propose to map R, X, Y to corresponding latent
spaces via ER: R 7— ZR, EX : X 7— ZX, andEY
;Y 7— ZY, respectively.

LVAE1 (r) = KL(ER,X (zr|n|IN(0, 1))

+taEz ~E  (z |r) KGR, X(rR—Rlzr)—rk
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Figure 2: Architecture of our restaurant network. (I.)
First we train two VAE: VAEL for images in real photos
r R and synthetic images x € X, where their gap in the
domain is closed by training an opposing discriminator
together; VAE2 can produce sharp images and € Y.
With VAE images are converted into a compact latent
space.

So, we are learn mapping, which restores damaged images
to clean up in latent space.

2.2

The latent restoration used by the remaining blocks, such
as.Since the considered context is part of the feature map,
we refer to the module specially designed for latent painting
as a non-local sub-block.

Multiple Degradation Restoration

Formally, let F € RC x HW be the mapping of the
intermediate features in M (C, H and W are the number of
channels, height and width, respectively), and m € {0, 1} HW
stands for the binary mask reduced to the same size, with 1
representing defective areas to be painted and O representing

intact areas. The affinity between the i-th location and the j-
th location in F, indicated by si, j RHW x HW, is calculated
by correlating Fi and Fj, modulated by the mask (1-mj).

X
si,j =(1-mj)fi,j/ (1-mk)fik,

=
=

=
4

True Pesitive Rate

=
=1
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Figure 3: ROC curve for scratch detection of different
data settings.

3. Experiment

3.1. Implementation

Training dataset We synthesized old photos with images from
Pascal's VOC dataset. In order to reproduce realistic errors,
we also collect scratch and paper textures that are additionally
reinforced by elastic distortions. Opacity to blend the scratch
textures over the actual images in the data set. To simulate
extensive photographic damage, we create randomly shaped
holes where the texture of the paper below becomes visible.
Finally, film grain noise is introduced. and random blurring
to simulate unstructured imperfections. In addition, we
collected 5,718 old photos to make the old photo layer.

3.2 Comparisons

Baseline We compare our method with the more advanced
approaches. For a fair comparison, we trained all methods
with the same training data set (Pascal VOC) and tested
them on the damaged images that were synthesized from the
DIV2K dataset and the test set from our old data set.

- Operational Attention performs multiple operations in
parallel and uses an attention mechanism to select the
appropriate branch for mixed deterioration recovery and
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learn from synthetic pairs of images with supervised
learning.

- Deep Imaging learns image restoration from a single
degraded image and has proven effective in noise

CycleGAN

image level.

+ Cycle GAN is a popular unsupervised image translation
method that learns to translate using unpaired images
from different domains.

+ The last baseline is the sequential implementation of
BM3D [24], a classic noise suppression method, and Edge
Connect [25], a state-of-the-art painting method to restore
structured or unstructured defects.

However, those metrics characterizing low-stage discrepancy,
commonly do now no longer correlate properly with human
judgment, for complicated unknown distortions. Therefore,
we additionally undertake the re- cent discovered perceptual
picture patch similarity (LPIPS) metric which calculates the
gap of multi-stage activations of a pretrained community and
is deemed to higher correlate with human perception. This
time, Pix2pix and our technique deliver the high-quality
ratings with a negligible difference. The operation-sensible
interest technique, however, indicates inferior overall
performance below this metric, demonstrating it does now no
longer yield desirable perceptual quality.

Besides, we undertake Fréchet Inception Distance (FID)

Sequential

reduction, super resolution, and blind painting.

- Pix2Pix is a supervised image translation process that
uses synthetic image pairs to learn the translation at the

Operation-wise

Attention Pix2Pix

We take a look at one-of-a-kind models at the artificial
photographs from DIV2K dataset and undertake 4 metrics for
evaluation. Table 1 offers the quantitative results. The top
signal-to-noise ratio (PSNR) and the structural similarity
index (SSIM) are used to evaluate the low- stage variations
among the restored output and the floor truth. The
operational-clever interest technique unsurprisingly achieves
the high-quality PSNR/SSIM rating given that this approach
immediately optimizes the pixel-stage €1 loss. Our technique
ranks second-high-quality in phrases of PSNR/SSIM.

that is broadly used for comparing the excellent of
generative models. Specifically, the FID rating calculates
the space among the characteristic distributions of the very
last outputs and the actual im- ages. Still, our approach and
Pix2pix rank the best, at the same time as our approach
indicates a moderate quantitative advantage. In all, our
approach is corresponding to the main strategies on
artificial data.

Qualitative assessment to show the generalization to actual
old images, we conduct experiments at the actual picture
graph dataset. For a honest evaluation, we retrain the Cycle
GAN to translate actual images to easy photographs. Since
we lack the recovery floor reality for actual images, we
cannot apply reference-primarily totally based metrics for
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evaluation. Therefore, we qualitatively evaluate the results,
which can be proven in Figure 5. The DIP approach can
repair blended degradations to a few extents. However, there
may be a tradeoff among the illness recuperation and the
structural preservation: greater defects reveal after an
extended training time even as fewer iterations result in the
lack of high-quality structures.

Cycle GAN, discovered from unpaired photographs, tends to
consciousness on restoring unstructured defects and forget to
repair all of the scratch regions. Both the operation-sensible
interest technique and the sequential operations supply
similar visible quality. However, they cannot amend the
defects that aren't protected withinside the artificial data,
along with issue and color fading. Besides, the dependent
defects continue to be problematic, probably due to the fact
they can now no longer deal with the old picture graph
textures which can be subtly distinctive from the artificial
dataset. Pix2pix, that is corresponding to our method on
artificial photographs, however, is visually not so good as our
approach. Some movie noises and dependent defects
nevertheless stay withinside the very last output. This is
because of the area hole among artificial photographs and
actual images, which makes the approach fail to generalize.
In evaluation, our approach offers easy, sharp photographs
with the scratches plausibly full of unnoticeable artifacts.

3.3. Ablation Study

To show the effectiveness of individual technical
contributions, we carry out the subsequent ablation study.

Latent translation with VAEs Let us do not forget the
subsequent variants, with proposed additives introduced:

1) Pix2Pix which learns the interpretation in picture graph-
level.

2) VAEs with an extra KL loss to penalize the latent area.

3) VAEs with stage (VAEs-TS): the two VAEs are first
skilled one at a time and the latent map- ping is found out
thereafter with the two VAEs (now no longer fixed).

4) our complete version, which additionally adopts latent
adverse loss. We first calculate the Wasserstein distance
among the latent area of old snap shots and artificial images.
Table three suggests that distribution distance step by step
reduces after including every component. This is due to the
fact VAEs yield extra compact latent area, the two-degree
education isolates the two VAEs, and the latent hostile loss
similarly closes the area hole.

4. Discussion and Conclusion

We recommend a unique triplet domain translation network
to  restore the combined degradation in old pictures. The
domain gap is decreased among old pictures and artificial
pics, and the interpretation to easy photographs is found out
in latent space. Our approach suffers much less from
generalization difficulty as compared with earlier methods.
Furthermore, we advocate a partial nonlocal block which
restores the latent capabilities with the aid of using leveraging
the worldwide context, so the scratches may be in painted
with  higher structural consistency. Our technique
demonstrates top overall performance in restoring intense
degraded antique snap shots. However, our technique cannot
take care of complicated shading as proven in Figure 9. This
is due to the fact our dataset carries few old photographs with
such defects. One should probably deal with this challenge
the usage of our framework with the aid of using explicitly
considering the shading results during synthesis or including
greater such snap shots as training data.
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