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Image Inpaintting

Original notion: Art restoration: The art of repairing the old
and deteriorated |ma es.

With the improvement of i |mage processmg tools and the
flexibility of digital image editing, automatic image Inpaintting
has found important applications in computer vision.

Challenging topic of research in image processing

BITS Pilani, Deemed to be University under Section 3 of UGC Act, 1956




19-03-2025

* Types of Distortions
— Blocks
— Test
— Noise
— Object
— Mask
— Scratch

Object
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Traditional Methods

* Traditional methods

— Diffusion-Based Methods: These methods propagate known
information into missing regions by simulating physical diffusion
processes. Key underlying techniques involver Partial Differential
Equations (PDEs) like the Heat Equation.

* Navier-Stokes Based Inpainting: Uses fluid dynamics to spread information.

't =1+ At (—u- VI" + vVI") v=V"'AT

* Total Variation (TV) Inpainting: Maintains edge consistency.
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Popular Approaches

 Existing popular image inpainting approaches
— Sequential-based
— CNN-based
— GAN-based
— Transformer-based

« Different variants of these approaches for different types

of distortion on images
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Progress in Image Inpainting with DL
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Progress in Image Inpainting with DL
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e Stanford cars dataset
* The Cars dataset contains 16,185 images of 196 classes of cars.
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Progress in Image Inpainting with DL
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e MS COCO Dataset (2014-Ongoing)

* The MS COCO dataset contains 200,000 images of 80 object
categories.

* The 2014 Data is used as Training and Validation data for the
task of object detection and Image captioning
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Progress in Image Inpainting with DL

* Paris StreetV|ew dataset M= -

Indoor

* Places dataset : A 10 Million Image Database for Scene
Recognition.

* https://ieeexplore.ieee.org/document/7968387
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Progress in Image Inpainting with DL

* Celeb A dataset

e 202,599 number of face images of various celebrltles 10,177
unique identities, 40 binary attribute annotations per image,
and 5 landmark locations
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* Inpainting types

Types of Inpainting

Image inpainting

|

Image restoration

(scratch and text removal)

|
Photo-editing

(obejctremoval)

I

Image coding and
transmition

(blocks recovry)
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* Inpainting types

Types of Inpainting

Image

Inpainting_|

* Image Completion

« Disocclusion

¢ Image generation

—

* Local object removal

removing an object occupies a part
of the image, e.g. shadow, texi,
pedestrian ¢ De-fencing

* Global object removal
removing an object exisis in a
whole image * Others

[ « Remote sensing image
* Specific scenarios _| o Depth image

complete a * Medical image
special image ~ * Panoramic image

[ * Rectangular holes
* Normal scenarios 4

complete a normal image L . Irrcgular holes

e.g. fence,grid string

e.g. clouds removal

* Global generation generate a whole image

* Partial generation generate an object in an image
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Progress in Image Inpainting with DL
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* https://papers.nips.cc/paper files/paper/2012/file/6cdd60eal
045eb7a6ec44c54d29ed402-Paper.pdf
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Progress in Image Inpainting with DL

e Paper: https://arxiv.org/pdf/1604.07379

* Context-Encoders: CNNs that predict missing parts of a scene
from their surroundings.

* Two parts: Architecture, Learning
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Progress in Image Inpainting with DL

* Context-Encoders: Architecture: Encoder-Decoder pipeline: The
Encoder takes an image as input and provides latent feature
representation. The decoder takes this feature representation and
produces the missing image content.

* Connect the encoder and the decoder through a channel-wise fully
connected layer, allowing each decoder unit to reason about the
entire image content.

* Encoder: AlexNet architecture (8 layers: 5 CNN, 3 FC)
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Progress in Image Inpainting with DL

* Encoder: AlexNet architecture (8 layers: 5 CNN, 3 FC).

* The output of Encoder: 6x6 abstract features with 256 feature
space, i.e., 6x6x256 output dimension.

* Trained for context prediction “from scratch.”

* Next FC layer with 9216 nodes. A smaller ‘bottleneck’ is not
necessary. Only feature to feature mapping and no cross-
feature mapping. Therefore weights are less. m?n® vs mn#
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Progress in Image Inpainting with DL
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* Decoder: 5 up-convolutional layers. ReLU, upsampling +
convolution

* The output of Decoder: original input image size.

* Task of the Decoder: Non-linear weighted upsampling of the
feature produced by the encoder
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Progress in Image Inpainting with DL

* Training: Loss function is based on context encoders by regressing to the
ground truth content of the missing (dropped out) region.

* Model this behavior by having a decoupled joint loss function to handle
both continuity within the context and multiple modes in the output.

* The reconstruction (L2) loss is responsible for capturing the overall
structure of the missing region and coherence about its context.

* Conversely, the adversarial loss tries to make the prediction look real, and
has the effect of picking a particular mode from the distribution.
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Progress in Image Inpainting with DL: Context Encoder

Training: Mask (M): 1 for masked area and 0 elsewhere.
These masks are automatically generated for each image and
training iteration during training.

Reconstruction loss — Lree(z) = [|M @ (z — F((1 - M) © x))|3,
Adversarial loss: It is based on Generative Adversarial

Networks (GAN) minmax E.exllog(D(x))] + E-cz[log(1 — D(G(2)))]

E — }\recﬁrec + /\aduﬁadv-

Joint loss:

7-pixel overlap
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Progress in Image Inpainting with DL

* Overall architecture: Context encoder trained with joint
reconstruction and adversarial loss for semantic inpainting.
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Progress in Image Inpainting with DL

* Overall architecture: Context encoder trained with
reconstruction loss for feature learning by filling in arbitrary
region dropouts in the input
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Coherent Semantic Attention for Image Inpainting:Architecture
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https://openaccess.thecvf.com/content ICCV 2019/papers/Liu_Coherent Semantic_Attention for Image Inpainting ICCV 2019 paper.pdf
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CSA Operation

— Searching
— Generating

contextual.

M is the missing region
M is the known region
Set Patch size = 1x1
Two-stage process

Searching Generating

For each patch m. in M, CSA searches 77; in M that is most

* New m,=m; + m_, with corresponding weights.
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CSA Operation

* Weights

< mg,m; >
[l || 772

<My, Mi—1 >

Dmazx; =

Dadi -

[ |- i1

(1)

@

Searching Generating
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CSA operation: Searching

Searching: We first extract patches in M and reshape
them as convolutional filters, then apply the convolution fil-
ters on M. With this operation, we can obtain a vector of
values denoting the cross-correlation between each patch in
M and all patches in M. On this basis, for each generated
patch m;, we initialize it with the most similar contextual
patch m; and assign the maximum cross-correlation value
Dmaz; to it for the next operation.

Searching
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CSA operation: Generating

Generating: The top
left patch of M 1is taken as the initial patch for the gener-
ative process (marked by m; in Figure 3). Since the m;
has no previous patch, the Dad; is 0 and we replace the
my with my directly, m; = m;. While the next patch
My has a previous patch m; as an additional reference, we
therefore view the m; as a convolution filter to measure the
cross-correlation metric Dady between mq and ms. Then,
the Dads and Dmaxo are combined and normalized as the

weight of m; and a2 respectively to generate new value

. Dado Dmaxs —_—
of ma, ma = Dads+Dmaxy xmi + Dady;+Dmazxy X .

Generating
Figure 3
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CSA operation: Generating

summarized as:

my = mq,Dad; =0
Dadi
my =
ie(2~n) Dad; + Dmaz;

X Mmi—1)+

e [

Dmax;
Dad; + Dmax;

X T Searching Generating

on Eq 3, we get an attention map A; which records the
Dmax; Dad; ) )

Dad 4+ Dmaz, and Dad,+ Draz;_ < A;_; for m;, then A; to

A,, form an attention matrix, finally the extracted patches

in M are reused as deconvolutional filters to reconstruct M .
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Coherent Semantic Attention

* CSA or coherent semantic attention mechanism t ensures that
missing or occluded parts of an image are filled in a semantically
meaningful and contextually consistent manner.

— Traditional self-attention mechanisms (such as in Transformers) assign
weights to different parts of an image to identify relevant features.
However, in image inpainting, the challenge is to fill missing regions while
ensuring coherence with surrounding structures and semantics.

— Focusing on semantically relevant regions.

— Ensuring coherence between the generated and original parts of an
image.

— Reducing artifacts and inconsistencies when reconstructing missing
details.
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Coherent Semantic Attention

* Key Steps in CSA

— Feature Extraction: The image is passed through a CNN or Transformer to
extract multi-scale feature maps.

— Semantic Matching: The model identifies relevant regions in the image
that can be used to fill missing parts. It learns to focus on structurally and
semantically similar patches.

— Attention Weight Computation: The attention scores are computed based
on semantic coherence rather than just spatial similarity. These scores
determine which regions contribute more to the missing area.

— Content Reconstruction: The missing region is reconstructed using high-
confidence patches from known areas, preserving global structure and fine
details.
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Losses

* Feature level consistency loss

Le= Y CSA(Lp)y — ®ullye)y 3+
yeM (4)

CSA4Iip)y — Pully)yll3

Where @,, is the activation map of the selected layer in
VGG-16. C'SA(.) denotes the feature after the CSA lay-
erand C'SA,4(.) is the corresponding feature in the decoder.
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Losses

Reconstruction Loss

rH' Z |I111pamt{-d ( grmmd truth [:'3} | or
i=ll,

Feature level consistency loss

* Totalloss £, @ 3 .l AeoneLoome

2
]"ﬂ" Z (anamted( grmmd truth( ))

=,
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Feature Patch and Patch Discriminator

Dg = —Ey1,,[D(Ig, I)*] = Er. [(1 — D(I,, I,1))?] (5)

Dp = ~Ep,[(1 = D(Ig+,1.))*] = E1,[D(I;, It)*] (6)

where D stands for the discriminators, ;7. [.] represents
the operation of taking average for all real/fake data in the
mini-batch.

Taking consistency, adversarial, and reconstruct losses
into account, the overall objective of our refinement net-

work and rough network is defined as:

L= AT‘LTE + /\CLC + )\dDR (8)

where A, A., Ay are the tradeoff parameters for the recon-
struction, consistency, and adversarial losses, respectively.

VGG

256
7‘7 256 512
1
?
Real Real?
Fake?
16816 15% 1514 x14
7732 32

128x128

Fake
256x256 Feature Patch Discriminator
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Resources

. Awesome-lnpainting-TeCh: https://github.com/zengyh1900/Awesome-Image-

Inpainting

* Inpaint Anything: Segment Anything Meets Image Inpainting:

https://github.com/geekyutao/Inpaint-Anything

Resolution-robust Large Mask Inpainting with Fourier Convolutions: LaMa:
https://arxiv.org/abs/2109.07161, Paper: https://arxiv.org/pdf/2109.07161

labke 3 Inmsets dscriion
Tmage e Papers
RGR [25,33,34,40,41,45,46,56]
RGH [2530,%2 45
Binary, grayscal 7
RO [4,10,29)
RGR [29,40,41 45]
RGB [42,45,22 56]
4.} RGH,gny sale 31
RGR [42)
RGH [64]
RGH,RGET [45]
RO 1431
RGR [47]
RGH, RGI-T, Grayscale depth | 396 111 0(2006), 2964 5 1988 (2014 [7,]
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e Generative Adversarial Networks

— Discriminator
— Generator
— Adversarial loss

GANs

Latent space

Real images

—_—— Sample

D
Discriminator

A
0
G
> Generator »| Sample

A
T

-

Loss

mgr mgx Ex~Py .0 [log D(.r)] + E;~p.(7) [log(l — D(G(Z))}]

.
P——
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Conventional Convolution layer and Residual Block.

X

A 4
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mage Inpainting With Learnable Bidirectional Attention Maps

(a) PConv

* Paper: P emeeee———————————— #A
https://arxiv.org/a | 4 bl ilooroioii-ll-1B- ‘
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