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Abstract

In this project, we propose ModInPainTor, a modular solution for object segmentation
and removal in images. ModInPainTor takes advantage of advanced models from lit-
erature to deliver high-quality image inpainting results. This solution is inspired by
InPainTor, a previous project that utilized a highly-integrated Convolutional Neural
Network-based model for object detection and removal but lacked a comprehensive
evaluation of its performance. We conduct a thorough evaluation of the InPainTor and
ModInPainTor solutions, assessing their effectiveness in anonymizing visual data while
maintaining data quality. The evaluation involves quantitative metrics to measure the
quality of the results and a qualitative analysis to evaluate the visual quality of the
anonymized images. Furthermore, we investigate the impact of object segmentation
accuracy on the quality of the anonymized images. Our findings indicate that Mod-
InPainTor significantly improves the visual quality of anonymized images compared
to InPainTor, albeit with increased computational requirements. We find that the pro-
posed solution could be effectively employed in industrial settings where anonymiza-
tion quality is prioritized over computational efficiency.

Keywords: Anonymization, Image Inpainting, Object Segmentation, Object Removal.
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Introduction

Thanks to today’s quality control and automation systems, industries today heavily rely
on visual data. However, this data can often contain sensitive and personally identifi-
able information that needs to be protected. This has made it a legal and ethical neces-
sity for industries to implement robust anonymization protocols, especially with the
rise of regulations such as the General Data Protection Regulation (GDPR).

As such, there is a pressing need for effective and efficient anonymization tech-
niques that can handle the vast amounts of visual data generated daily. Traditional
methods of anonymization, such as blurring or pixelation, often compromise the qual-
ity and utility of the data, making it less useful for analysis and decision-making. Fur-
thermore, manual anonymization processes are time-consuming and prone to human
error, making them impractical for large-scale applications. The central problem ad-
dressed in this project is the development of automated anonymization techniques that
can effectively obscure sensitive information while preserving the overall integrity and
usability of the visual data.

This work builds upon a prior project, InPainTor (Ribeiro, 2024), which used a
highly-integrated CNN-based model for object detection and removal. Its primary goal
was to be computationally lightweight. However, this project lacked a comprehensive
evaluation of the model’s performance. This project aims to fill that gap by conducting
a thorough evaluation of the InPainTor model, assessing its effectiveness in remov-
ing unwanted objects from images. The evaluation will involve quantitative metrics
to measure the degree of anonymization and qualitative assessments to evaluate the
visual quality of the anonymized images.

Inspired by InPainTor, we propose a new solution for object removal in images, tak-
ing advantage of more robust and recent models. We name this solution ModInPainTor.
The primary goal is to improve the visual quality of the anonymized images, even if at
the expense of computational efficiency. To achieve this, we develop a modular archi-
tecture that allows for easy integration of different image segmentation and inpainting
models. This modularity allows for future improvements to be easily incorporated, as
long as they follow the same format. The proposed solution will be evaluated against
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the InPainTor model to determine its effectiveness and efficiency in anonymizing visual
data. The evaluation will consider various scenarios and types of visual data to ensure
the robustness of the proposed solution.

For this project, we aim to answer the following research questions:

e How effective is the InPainTor model in anonymizing visual data?

e Whatare the strengths and limitations of the InPainTor model in various anonymiza-
tion scenarios?

e How does the proposed solution, ModInPainTor, compare to the InPainTor model
in terms of visual quality and computational efficiency?

e What is the impact of the accuracy of object segmentation on the quality of the
anonymized images?

e How much can the performance of a segmentation model from literature be op-
timized to improve its accuracy?

e How can the proposed solution be optimized for real-time applications in indus-
trial settings?

Our main contributions include a comprehensive evaluation of the InPainTor model,
with the identification of its strengths and limitations. We propose ModInPainTor, a
modular and flexible solution for object segmentation and removal, using more ad-
vanced models from literature. We evaluate ModInPainTor against InPainTor, both
quantitatively and qualitatively, and assess its performance in object removal tasks.
To analyze its performance on anonymizing people, we create a new dataset based on
RORD, which we name "RPVD”. Additionally, we research the impact of object seg-
mentation accuracy on anonymization quality and work on optimizing a segmentation
model from literature to enhance its performance.

The structure of this project report is as follows: In Chapter 2, we provide a re-
view of the relevant literature and background information on object detection, seg-
mentation, and removal techniques. Chapter 3 dives into the research methodology
we adopted, and details the architecture of the proposed solution, ModInPainTor, in-
cluding the selection and integration of models for segmentation and inpainting. In
Chapter 4, we outline the experimental setup, including the preparation of the datasets,
model training and optimization, and present the results of our experiments, compar-
ing ModInPainTor with InPainTor and analyzing the impact of segmentation accuracy
on anonymization quality. Finally, in Chapter 5, we summarize our findings, discuss
the implications of our work, and suggest directions for future research.



Background

In this Chapter, we will introduce core concepts, key architectures, training approaches,
datasets and metrics on image segmentation and inpainting solutions.

2.1 Deep Learning

Deep Learning (DL) is a subset of machine learning that uses neural networks with
multiple layers to learn and represent data. It has been successfully applied to various
fields, including Computer Vision (CV) (Chai et al., 2021), natural language process-
ing (Lauriola et al., 2022) and speech recognition (Ahlawat et al., 2025).

2.1.1 Core Concepts

DL-based image segmentation typically takes advantage of some core concepts, such
as CNNs, encoder-decoder architectures and skip connections (Minaee et al., 2021).

CNN s are some of the most widely used techniques for image segmentation. They
typically take advantage of three types of layers: convolutional, nonlinear activation
and pooling layers (Minaee et al., 2021).

Convolutional layers apply “filters” (or “kernels”), which slide across the input
image. In the convolution process, element-wise multiplication is performed between
the filter and the portion of the image it covers. The multiplication results are summed
into one value, which represents how strongly a certain feature is represented in the
area covered by the filter. These filters contain weights, which are learned in the train-
ing process. Each filter is used to extract different features, such as edges, textures or
shapes, and a convolutional layer typically has multiple filters. Figure 2.1 illustrates
the convolution operation.
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Figure 2.1: Illustration of the convolution operation, where a 3x3 filter is applied to a 5x5 input image,
resulting in a 3x3 feature map.

Nonlinear activation functions, such as Rectified Linear Unit (ReLU), are applied
after each convolutional layer. By introducing non-linearity to the model, it is able to
learn more complex patterns.

Pooling layers reduce the resolution of the feature maps by sliding a window across
each feature map, similarly to how convolutional layers operate. However, the win-
dows differ from filters by not containing learnable weights. Instead, a specific aggre-
gation function is applied to each pooling window, and a single value is taken from
that region. The most common pooling operations are max pooling and average pool-
ing. In max pooling, the maximum value within each window is selected, whereas in
average pooling, the mean of all values within the window is calculated. Using pooling
layers comes with several advantages:

e Downsample feature maps — decreases the number of parameters and computa-
tions in subsequent layers of the networks;

e Translation invariance —small shifts or distortions in the input image do not dras-
tically change the output of the pooling layer; increases robustness and allows the
model to better generalize to new data;

e Feature abstraction —summarises the information in a region, extracting the most
important features and creating a more abstract representation of the input;

e Prevent Overfitting —as it reduces the number of parameters, overfitting the model
to training data becomes more difficult.

CNNs are particularly efficient as they use parameter sharing. The same filter is
applied across different parts of the input, which reduces the number of parameters
the network needs to learn.

Encoder-decoder architectures are used on most image segmentation solutions. As
the name implies, they are divided into two parts: an encoder — typically a CNN, used
for extracting features from an input image — and a decoder — which upsamples the
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feature maps to create a segmentation mask at a higher resolution, normally equal to
the input image’s size.

Skip connections, often known as residual connections, are used in many encoder-
decoder networks. They connect feature maps from the encoder directly to the decoder,
allowing information and gradients to be used in non-consecutive layers. As such, the
output of a layer is not only dependent on its own input, but it can also incorporate the
input from an earlier layer. The use of skip connections in these networks aids in pre-
venting vanishing gradients — a common problem where the gradients used to update
model weights during the training process become very small as they are backpropa-
gated through many layers. They are also particularly useful for preserving details, as
information is lost through downsampling operations such as convolution and pool-
ing. Skip connections allow high-resolution features from early downsampling stages
to be carried over to later layers, such as in the decoder, so that image reconstruction
can occur with minimal information loss. By minimising these problems, the models
can be more effectively trained, leading to better performance, stability, faster conver-
gence and more robustness.

FCLs typically come at the end of the CNN architecture. They transform the fea-
tures extracted by earlier layers into a final output. They are mostly used in image
classification or regression tasks, where they output class probabilities or numerical
values, respectively. They are not commonly used for image segmentation, as they dis-
card spatial information. These layers function as traditional neural networks, where
each neuron is connected to every single neuron from the previous layer. As such, the
previous layer must be flattened into one single vector. When dealing with image seg-
mentation tasks, and more specifically in semantic image segmentation, the output of
anetwork should be a mask where each pixel represents a probability of it belonging to
a class. Some early segmentation architectures experimented with FC layers, but they
required specific processing techniques such as patch-based classification or sliding
windows. These techniques were computationally heavy and resulted in inconsistent
segmentation boundaries. An example of a CNN with an FCL can be seen in Figure
2.2.

— L [ —C= R
Conv1 Pooll Conv 2 Pool 2 Flatten (1D Vector) T Output
Input (Image) Do 1

Figure 2.2: Example of a CNN architecture with a FCL at the end, used for image classification.

2.1.2 Encoders/Backbones

In encoder-decoder architectures, it is common to use other CNN architectures as en-
coders (or backbones). These CNNs were not specifically designed for image segmen-
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tation, but they show good performance at feature extraction. Some of them include
AlexNet (Krizhevsky et al., 2017), GoogLeNet/Inception (Szegedy et al., 2014), Visual
Geometry Group Network (VGGNet) (Simonyan et al., 2015) and Residual Networks
(ResNet) (He et al., 2015).

AlexNet (Krizhevsky et al., 2017) was developed in 2011 and showed groundbreak-
ing performance in the ImageNet Large Scale Visual Recognition Challenge (ILSVRC)
2012 (Russakovsky et al., 2015). Its performance is attributed to the use of deep CNNs,
ReLlU activation functions for non-linearity and Graphics Processing Unit (GPU) ac-
celeration. The model was trained using two Nvidia GTX580 GPUs, each with 3GB
of video memory. This was a pivotal architecture, which laid the foundation for later
segmentation encoders.

In 2014, researchers at Google developed the GoogLeNet architecture, later renamed
to Inception (Szegedy etal., 2014). The first version won the ILSVRC 2014 (Russakovsky
etal., 2015). It introduced inception modules, which performed multiple convolutions
with different kernel sizes (1x1, 3x3 and 5x5) and max pooling in parallel which re-
sulted in an output after concatenation. While it is a deep network, it was able to be
more computationally efficient than AlexNet while performing better. Another mod-
ification when compared to AlexNet is the use of global average pooling for the final
layers instead of FCLs. To combat the vanishing gradient problem, GoogLeNet takes
advantage of auxiliary classifiers at 1/3 and 2/3 of the network, which provide interme-
diate loss values which are then used to propagate gradients back through the network
more effectively. These classifiers are only used during the training process, being dis-
carded for inference.

VGGNet was released in that same year (Simonyan et al., 2015). It took inspira-
tion from AlexNet (Krizhevsky et al., 2017), but explored the use of small 3x3 con-
volutional filters throughout the network, whereas AlexNet and other earlier CNNs
used larger filters. VGGNet used several generic modules in series, comprising convo-
lutional modules with 3x3 kernels, stride of 1 and ReLU activation, followed by max
pooling layers with 2x2 kernels and stride of 2 to downsample feature maps, and three
FCLs, the last one with 1000 channels corresponding to the 1000 classes in ImageNet.
Finally, a SoftMax activation layer provides class probability. Several configurations
of the VGGNet were released, the most commmonly used being VGG-16 and VGG-19,
with 13 and 16 convolutional layers, respectively, and 3 FCLs. While its performance
was slightly lower than Inception’s performance, it still reached state-of-the-art results,
while employing a significantly simpler architecture. It was widely used as an encoder
backbone in early segmentation models.

In 2015, Microsoft researchers introduced ResNet (He et al., 2015), which won the
ILSVRC (Russakovsky et al., 2015) that year. Through the use of residual blocks, this
network effectively addresses the degradation problem in very deep neural networks.
This problem happens when a network uses many layers, resulting in worse training
accuracy. This was due to the difficulty of optimising very deep networks, in part
due to the vanishing/exploding gradient problem, where as gradients backpropagate



2.2. Image Segmentation 7

through many layers, they either become too small (vanishing) or too large (explod-
ing). The residual blocks incorporate skip connections, which add the input of the
block to its output. As such, the residual block does not have to learn an unreferenced
function H(x), which optimally results in the desired output for that layer, but a resid-
ual function F(x) = H(x) - x. This is the difference needed to go from x to H(x), and the
goal of the residual block is to minimise this value as much as possible. The output of
the block becomes F(x) + x, which is equal to H(x). The "+ x” is the skip connection,
which provides a shortcut for x, allowing gradients to flow more easily through the
network during backpropagation. This results in a more stable training process and
faster convergence.

2.2 Image Segmentation

Image segmentation is a fundamental task in CV which is used for identifying objects
in images. The result is usually a mask where each pixel represents a class of objects.
The classification of each pixel takes several characteristics into account, such as color,
texture or shape of its surrounding area.

There are three types of segmentation: semantic, instance and panoptic. In seman-
tic segmentation, each pixel is assigned a class. There is no separation between objects,
which means that in an image where, for example, three instances of an object are
found, there is no differentiation between them. In instance segmentation, each object
is identified and assigned a segmentation mask. Panoptic segmentation is a more re-
cent technique, introduced in 2019 (Kirillov et al., 2019b), and combines both semantic
and instance approaches by assigning a class to each pixel, but also instance IDs to each
object.

While today the most popular methods of image segmentation are based on DL,
traditional algorithms used to be the norm. Traditional images segmentation tech-
niques include thresholding, region-based methods (such as region growing and re-
gion splitting and merging), edge-based methods, clustering-based methods, graph-
based methods, watershed transform and active contours (Y. Yu et al., 2023).

2.2.1 Semantic Segmentation Architectures

Semantic segmentation architectures build on these encoders, with the objective of per-
forming pixel-wise classification.

One important step towards better performing architectures was the introduction of
the concept of Fully Convolutional Networks (FCN)s in 2014 (Long et al., 2015). These
networks allowed CNNs to perform pixel-wise classification by replacing FCLs with
convolutional layers. These networks often use backbones such as VGG or AlexNet for
feature extraction, but replace the FCLs with convolutional layers.

Another pivotal architecture for semantic image segmentation tasks is U-Net (Ron-
neberger et al., 2015). It was developed in 2015 after the introduction of FCNs, on
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which it is based, and uses an encoder-decoder architecture. The encoder, also known
as the contracting path, progressively reduces spatial dimensions, while increasing the
number of feature channels and, thus, feature information. The decoder, also known
as the expanding path, reconstructs the spatial resolution of the image while localis-
ing features learned by the encoder. At each step of the decoder, the upsampled fea-
ture map is concatenated with the corresponding feature map from the encoder at the
same resolution. By using these skip connections, the decoder is able to connect the
contextual information with precise spatial details, which results in accurate pixel-wise
segmentation. Figure 2.3 illustrates the U-Net architecture.

Input Output
Conv Block 1 F--------------------------- > UpConv 1
(SR — - — - - - - - - ------------------ > UpConv 2
Conv Block 3F--------------------------- > UpConv 3

\ /
Bottleneck

Figure 2.3: U-Net architecture, featuring an encoder-decoder structure with skip connections between
corresponding layers in the encoder and decoder paths. Adapted from (Ronneberger et al., 2015).

DeepLab models introduced several pivotal changes. One core concept used by
these models is Atrous Convolution, also known as Dilated Convolution, which was
introduced in DeepLabV1 (L.-C. Chen et al., 2016). In traditional CNNs, convolutions
reduce the spatial resolution of the feature maps. With Atrous convolution, filters have
empty spaces between receptive fields. As such, the network can capture wider con-
texts without losing spatial details. Figure 2.4 illustrates the difference between stan-
dard and atrous convolutions.
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Figure 2.4: Comparison between standard convolution (left) and atrous convolution (right) with a
dilation rate of 2. In atrous convolution, the filter has spaces between its receptive fields, allowing it to
capture a larger context without reducing spatial resolution.

DeepLabV2 (L.-C. Chen et al., 2017a) introduced Atrous Spatial Pyramid Pooling
(ASPP), which applies atrous convolutions at various dilation rates (the space between
receptive fields) in parallel, allowing the network to capture context at various scales.
These convolutions are then fused together. Figure 2.5 illustrates the ASPP module.

Branch 5
., 1 | [ Upsample | Concatenate Output Feature Map
Global Average Pooling| | e | | Bilinear) | (all channels) 1x1 Conv (Hx W xC)

Output from ASPP

Branch 1

1x1 Conv
(Rate 1)

Input Feature Map
(Hx WxC)

Input to ASPP Branch 3

3x3 Atrous Conv
—
(Rate 12)
Branch 4
3x3 Atrous Conv
(Rate 18)

Figure 2.5: Atrous Spatial Pyramid Pooling (ASPP) module, which applies atrous convolutions at
multiple dilation rates in parallel to capture multi-scale context. The outputs are then fused together.

The first two versions of DeepLab use Fully Connected Conditional Random Fields
(CRF)s as a post-processing step. CRFs refine segmented object’s boundaries by iden-
tifying neighboring pixels with similar characteristics as being likely to belong to the
same label. As the newer versions of DeepLab introduced changes to its architecture,
the use of CRFs was no longer required. These versions, DeepLabV3 (L.-C. Chen et
al., 2017b) and DeepLab V3+ (L.-C. Chen et al., 2018), moved to an encoder-decoder
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architecture, similar to U-Net (Ronneberger et al., 2015), while taking advantage of
atrous convolutions. The encoder uses a backbone such as ResNet (He et al., 2015) or
MobileNet (Howard et al., 2017), along with atrous convolutional layers. The decoder
recovers the spatial resolution by upsampling the feature maps back to the input im-
age’s original size, while incorporating features from the encoder, just like U-Net'’s skip
connections.

While semantic segmentation provides a pixel-wise classification for every object
in an image, some applications — such as robotic grasping, autonomous driving and
medical image analysis — require the identification of individual objects belonging to
the same class.

2.2.2 Instance Segmentation Architectures

Instance segmentation architectures typically build upon object detection architectures
by adding a segmentation head. They often process images in two stages: first, the ob-
jects are detected; then, pixel-wise segmentation is performed for each object, resulting
in masks. As such, where semantic segmentation architectures built on image classi-
fication CNNSs, instance segmentation architectures take advantage of object detection
backbones such as the Region-based Convolutional Neural Network (R-CNN) family
of networks.

R-CNN (Girshick et al., 2014) was originally developed in 2014, using AlexNet as
its backbone. Later on, R-CNN was modified to allow the use of other image classifica-
tion networks, such as VGGNet (Simonyan et al., 2015), thus improving performance.
The backbone network is used to extract a fixed-length feature vector for each region
proposal generated by an external algorithm, such as selective search. This solution
was computationally expensive.

Fast R-CNN (Girshick, 2015) was the first architecture to improve on R-CNN'’s
structure. Instead of running each region proposal through the backbone network,
the entire image is now processed through the backbone only once. Then, a Region of
Interest (Rol) pooling layer projects the region proposals obtained externally onto the
feature map and extracts the fixed-length feature vectors for each proposal. These are
fed into FCLs for classification and bounding box regression. Figure 2.6 illustrates the
Fast R-CNN architecture.
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Figure 2.6: Fast R-CNN architecture, where the entire image is processed through a backbone CNN to
produce a feature map. Region proposals are then projected onto this feature map using an Rol pooling
layer to extract fixed-length feature vectors for each proposal, which are subsequently fed into fully con-
nected layers for classification and bounding box regression. Adapted from (Girshick, 2015).

Faster R-CNN (Ren et al., 2016) further improved efficiency by generating region
proposal within the network itself. The backbone processes the entire image, out-
putting a feature map, which is then fed into the Region Proposal Network (RPN).
The proposals generated by the RPN, along with the feature map, pass through the
Rol pooling layer to extract the feature vectors. As in Fast R-CNN, these vectors are fed
into FCLs for classification and bounding box regression.

Mask Region-based Convolutional Neural Network (Mask R-CNN) (Heetal., 2018),
introduced in 2017, is the foundational instance segmentation architecture. It builds
upon Faster R-CNN, an object detection network, and adds a third branch in parallel
with the classification and bounding box regression branches. This new branch is an
FCN, and it is used to predict a binary mask for each Rol. Figure 2.7 illustrates the Mask
R-CNN architecture.
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Figure 2.7: Mask R-CNN architecture, which extends Faster R-CNN by adding a parallel branch for
predicting binary masks for each Region of Interest (Rol). The network consists of a backbone CNN
for feature extraction, a Region Proposal Network (RPN) for generating region proposals, and three
parallel branches for classification, bounding box regression, and mask prediction. Adapted from (He
etal., 2018).

Furthermore, this architecture replaces Rol pooling with RolAlign. These two lay-
ers serve the same purpose: to extract a fixed-size feature map from a Rol in a larger
feature map. The problem is that Rol pooling rounds the Rol floating-point coordinates
to integers, meaning that the Rol must align with the discrete grid of pixels on the fea-
ture map. The Rol is then divided into bins, and their dimensions are also rounded
to integer values. A pooling operation, typically max pooling, is applied to each bin,
where a single value is selected. The output is the fixed-size feature map. As both Rol
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and bin boundary coordinates are quantized, some misalignment between the origi-
nal Rol and the features extracted from the feature map is introduced. While this is
acceptable for object detection tasks, it can lead to blurry or misaligned masks in in-
stance segmentation tasks.

RolAlign introduces some critical changes to obtain better segmentation perfor-
mance. First, both Rol and bin boundary coordinates are kept as floating-point values.
Then, instead of performing max pooling in each bin, it uses bilinear interpolation. In
each bin, a few fixed points within its boundaries are sampled and, for each sample
point, a feature value is calculated by interpolating the values of the four nearest inte-
ger pixels on the feature map. These values are aggregated, usually by average or max
pooling, to get the final bin value.

Feature Pyramid Networks (FPNs) (Lin et al., 2017) are often combined with Faster
R-CNN and Mask R-CNN. Traditional CNNs extract features through a bottom-up
pathway. This means that at each layer, the spatial resolution of the feature maps
decreases, while semantic richness increases. As such, deeper layers have a low res-
olution, useful for detecting large objects, but they lack precise spatial information,
making it difficult to localise small objects. Conversely, shallow layers have a high res-
olution, which makes it easier to detect where small objects are located, but as they lack
semantic information — such edges and textures — they have more difficulty in assessing
what the objects really are. Figure 2.8 illustrates the concept of a feature pyramid.
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Figure 2.8: Feature Pyramid Network (FPN) architecture, which creates a feature pyramid from a
backbone CNN by adding a top-down pathway for upsampling and lateral connections for merging high-
level semantic information with low-level spatial information. Adapted from (Lin et al., 2017).

By creating a feature pyramid, it is possible to preserve high spatial resolution and
rich semantics at all levels. A backbone CNN produces several feature maps as it goes
into deeper layers, in the bottom-up pathway. Each feature map contains more seman-
tic context, but loses spatial resolution. The Feature Pyramid Network (FPN) features a
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top-down pathway, where it upsamples each feature map from the backbone to match
the spatial resolution of the next layer, starting from the deepest layer. The upsampled
feature map retains the semantic context of the original, lower resolution feature map.
Each upsampled feature map is combined with the corresponding feature map from
the bottom-up pathway by a lateral connection, which injects fine-grained spatial in-
formation back into the upsampled feature map. Each feature map will have stronger
semantics and good spatial localisation.

In Mask R-CNN, the FPN can integrate a backbone CNN, such as ResNet (He et al.,
2015), as its bottom-up pathway. The prediction heads used for classification, bound-
ing box regression and mask prediction are then applied to each level of the pyramid,
resulting in overall improved performance, as small objects are detected by using the
higher-resolution feature maps and large objects by using lower-resolution maps.

Since Mask R-CNN’s introduction in 2017, other instance segmentation architec-
tures have been developed, surpassing its performance. Some of the more notable
works include YOLACT (Bolya et al., 2019), which introduced a real-time instance seg-
mentation architecture, and Mask2Former (Cheng et al., 2022), a transformer-based
architecture that can perform instance, semantic and panoptic segmentation. Mask
R-CNN is still widely used as a benchmark for instance segmentation tasks.

2.2.3 Panoptic Segmentation Architectures

Panoptic segmentation architectures often combine semantic and instance segmenta-
tion networks with a merging strategy. It was introduced in 2019 by Kirillov et al. (Kir-
illov et al., 2019b), who also proposed a baseline architecture, PanopticFPN (Kirillov
etal., 2019a).

PanopticFPN pairs the Mask R-CNN with FPN architecture for instance segmen-
tation with a custom semantic segmentation branch, in parallel with the region-based
instance segmentation branch. The outputs from the instance and semantic segmenta-
tion branches are combined to create the panoptic segmentation map. Where instances
overlap with the semantic predictions, the instances are prioritised.

Mask2Former (Cheng et al., 2022) adopts a different architecture, comprising a
backbone, a pixel decoder and a transformer decoder with masked attention. This ar-
chitecture results directly in a panoptic segmentation map. It is based on MaskFormer
(Cheng et al., 2021) and DEtection TRansformer (DETR) (Carion et al., 2020), two ear-
lier transformer-based models. The backbone is used to extract feature maps, which are
then processed by the pixel decoder, which upsamples them to create high-resolution
feature maps. The transformer decoder takes a set of object queries as its input, which
are used to look for potential segments in the image. For each object query, the masked
attention mechanism focuses on the foreground region of the predicted mask, thus ex-
tracting precise features for each segment. It also processes features from different
scales of the pixel decoder’s output, allowing to effectively segment objects regardless
of their size. The transformer outputs, for each object query, a class label, a mask em-
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bedding and a binary mask, result of the dot-product between the mask embedding
and the features from the pixel decoder. The binary masks are combined and assigned
instance IDs for “things” and semantic labels for “stuft”.

2.3 Object Removal/Inpainting

Object removal is a task which comprises the identification of unwanted objects from
am image and its replacement with content that blends with its surroundings. At its
core, it is a specialised application of image inpainting.

Image inpainting is the process of filling in missing or damaged parts of an image.
The goal is to make the filled-in region visually indistinguishable from the surrounding
content, maintaining the overall visual structure of the original image. It is highly
challenging problem, as there are many possible solutions for each situation.

While image inpainting typically deals with missing or corrupted regions of an im-
age, object removal specifically targets the elimination of unwanted objects. This pro-
cess requires two stages: segmentation of the object, and its replacement with plausible
content.

Unlike in image segmentation tasks, where there is a clear output that needs to be
obtained, there is no specific output for a given input. This poses a highly challenging
task, where lots of variables must be taken into account. The algorithm must be able
to understand the scene and infer what should be in the missing area. It is crucial that
the process of replicating complex textures and repetitive patterns does not introduce
noticeable artifacts. Maintaining structural coherence is another issue, as lines, curves
and other geometric structures must connect with the surrounding context without
introducing visual discontinuities. Furthermore, the synthesised content must fit in
the image’s lighting conditions. Ideally, shadows and reflections cast by the removed
object should be tackled.

2.3.1 Traditional Methods

Before DL-based techniques, some traditional methods were used for image inpainting
and object removal tasks. There are two main categories of traditional methods: patch-
based and diffusion-based.

Patch-based methods work by searching for similar patches in the known part of
the image and blending them into the missing areas. They often struggle with large
missing regions, highly textured areas or when there is simply not enough context
in the image. They can lead to repetitive textures, visual discontinuities and fail to
reconstruct semantic content.

Diffusion-based methods propagate information from the boundary between known
and missing areas into the unknown region of the image, using Partial Differential
Equations (PDE)s. While they are effective for small and smooth missing regions, they
tend to blur finer details and cannot create new structures or textures. The results are
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often blurred, and complex missing areas tend to be unconvincing.

While these traditional methods were functional, they often required significant
manual intervention and were very computationally expensive for high-resolution im-
ages. They also lacked the ability to understand the image context and generate new,
plausible content. It was clear that further research was required to find better-suited
approaches for image inpainting and object removal.

2.3.2 Deep Learning Methods

The modern approach to image inpainting is to use DL networks. Generative models
are able to understand surrounding context and infer missing information, such as
colors, textures, patterns, lighting, shadows and perspective. As such, these models
can produce better results, often indistinguishable from unedited images.

In the early days of DL image inpainting, research was primarily focused on using
CNN . Their ability for feature extraction and pattern recognition, essential for image
inpainting, made them a suitable approach.

Autoencoders were another common approach. These comprise an encoder, which
compresses input data into a lower-resolution latent representation of itself, and a de-
coder, which reconstructs this representation while filling in the missing regions of the
image. Basic autoencoders still struggled with generating realistic textures and varied
content, often outputting blurry results.

Generative Adversarial Networks

A significant leap was made with the introduction of Generative Adversarial Networks
(GAN)s (I. ]J. Goodfellow et al., 2014). These networks feature two mechanisms, the
generator and the discriminator, which work together to push the model toward more
convincing results. The generator is a neural network, often an autoencoder or a vari-
ant of U-Net, which takes an image with one or more missing regions and a mask as
input and tries to generate a complete, plausible image. On the other hand, the dis-
criminator, another neural network, tries to assess if the image is real or fake. The two
networks are trained simultaneously: the generator tries to “trick” the discriminator
into identifying its images as real, and the discriminator tries to accurately identify the
generator’s images as being fake. Figure 2.9 illustrates the architecture of a GAN.
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Figure 2.9: Generative Adversarial Network (GAN) architecture, featuring a generator that creates fake
images from noise and a discriminator that classifies images as real or fake. The two networks are trained
in opposition to each other, with the generator trying to fool the discriminator and the discriminator
trying to correctly identify real and fake images. Adapted from (1. |. Goodfellow et al., 2014).

Some early works on GANs focused on adapting the original architecture or high-
resolution image tasks. Two pivotal works in this regard were Deep Convolutional
Generative Adversarial Network (DCGAN) (Radford et al., 2016) and Conditional
Generative Adversarial Network (CGAN) (Mirza et al., 2014). DCGAN replaced the
FCLs in the original architecture with a deep convolutional architecture for both the
generator and discriminator, which improved the quality of generated images. CGAN
introduced the concept of conditioning the generation process on additional informa-
tion, such as class labels or other images. This allowed for more controlled image gen-
eration, which is particularly useful in image inpainting tasks.

Later works focused on stabilizing the training process, as it was often unstable and
difficult to converge. The introduction of Wasserstein Generative Adversarial Network
(WGAN) (Arjovsky etal., 2017) and Wasserstein Generative Adversarial Network with
Gradient Penalty (WGAN-GP) (Gulrajani et al., 2017) were important milestones in
this regard. WGAN introduced a new loss function based on the Wasserstein distance,
which provided smoother gradients and more stable training, while WGAN-GP added
a gradient penalty term to further improve stability.

One pivotal development for image inpainting GANs were Context Encoders, in-
troduced in 2016 (Pathak et al., 2016). Context encoders are a type of convolutional
autoencoder specifically designed for image inpainting tasks. The architecture con-
sists of an encoder, which compresses the input image with missing regions into a
lower-dimensional latent representation, and a decoder, which reconstructs the im-
age from this representation while filling in the missing areas. The model is trained
using a combination of reconstruction loss, which measures the pixel-wise difference
between the generated and ground truth images, and adversarial loss, which encour-
ages the generator to produce more realistic images. This dual loss function helps the
model learn both low-level details and high-level semantics, resulting in more convinc-
ing inpainted images. The model was able to reconstruct a fixed-size missing region,
typically a square in the center of the image.
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The Globally and Locally Consistent Image Completion (GLCIC) model, intro-
duced in 2017 (lizuka et al., 2017), was another influential work in the field of image
inpainting using GANs. The main innovation of this model was the introduction of
a dual discriminator architecture, which consists of a global discriminator and a local
discriminator. The global discriminator evaluates the overall coherence of the gener-
ated image, ensuring that the inpainted region blends seamlessly with the surrounding
context. The local discriminator, on the other hand, focuses on the details within the in-
painted region, ensuring that textures and fine details are realistic. This dual approach
allows the model to capture both global structure and local details, leading to more con-
vincing inpainted results. The generator architecture is based on an encoder-decoder
structure, with dilated convolutions to increase the receptive field without losing res-
olution. This allows the model to reconstruct arbitrarily shaped missing regions while
maintaining high-quality details.

Another early influential model, DeepFill, was originally introduced in 2018 (J. Yu
etal., 2018). A second version of the model was introduced in 2019 (J. Yu et al., 2019).
Its architecture introduced two notable concepts: contextual attention (in DeepkFill v1)
and gated convolutions (in DeepFill v2).

Contextual attention allows the model to borrow features from distant areas of the
image which are semantically similar to the missing region. This layer works by find-
ing patches in the known regions of the image which are similar to the patches being
generated. These patches’ features are then used to guide the inpainting of the miss-
ing regions. This helps the model generate coherent and realistic content, as it better
understands global context, and it can identify plausible patterns in other regions of
the image. Figure 2.10 illustrates the architecture of DeepFill.
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Figure 2.10: DeepFill v1 architecture, featuring a two-stage coarse-to-fine generator and dual discrim-
inators (global and local). The first stage generates a coarse prediction of the missing region, while the
second stage refines this prediction to produce a more detailed and realistic output. The dual discrimi-
nators ensure both global coherence and local detail in the generated images. Adapted from (J. Yu et al.,
2018).

Gated convolutions deal with the limitations of standard convolutions regarding
irregular masks. They feature a dynamic selection mechanism for each channel and
spatial location, which can itself learn a gate that controls the flow of information be-
tween input and output for each pixel and channel. By using this mechanism, the
model can dynamically determine the validity and importance of each input pixel. As
a result, the generated images show better color consistency and inpainting quality.
Figure 2.11 illustrates the architecture of DeepFill v2.
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Figure 2.11: DeepFill v2 architecture, featuring a two-branch refinement network with gated convolu-
tions and dual discriminators (global and local). The two-branch design allows the model to separately
process structural information and texture details, leading to move realistic inpainted images. The gated
convolutions enable the model to effectively handle irreqular masks by dynamically controlling the flow
of information. Adapted from (J. Yu et al., 2019).

PEPSI (M.-c. Sagong et al., 2019), introduced in 2019, is another notable model ded-
icated to image inpainting. It features a two-stage coarse-to-fine architecture, where the
first stage generates a coarse prediction of the missing region, and the second stage re-
fines this prediction to produce a more detailed and realistic output. The model also
incorporates a spatially discounted reconstruction loss, which assigns higher weights
to pixels near the boundary of the missing region, encouraging the model to focus on
these areas during training. Furthermore, PEPSI employs a multi-scale discriminator,
which evaluates the generated images at different scales, ensuring that both global
structure and local details are realistic. In 2021, the authors introduced a lighter ver-
sion of the model, Diet-PEPSI (Shin et al., 2021), which achieves similar performance
with fewer parameters. Figure 2.12 illustrates the architecture of PEPSI.
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Figure 2.12: PEPSI architecture, featuring a two-stage coarse-to-fine generator with shared weights
between the coarse and refinement paths, and a multi-scale discriminator. The coarse path generates a
rough prediction of the missing region, while the inpainting path refines this prediction to produce a more
detailed and realistic output. The shared weights help maintain consistency between the two stages, and
the multi-scale discriminator ensures that both global structure and local details are realistic. Adapted
from (M.-c. Sagong et al., 2019).

Conditional Modulation Generative Adversarial Network (CoModGAN) (Zhao et
al., 2021), introduced in 2021, adapted a generative network for inpainting. This net-
work, StyleGAN, had been introduced by Nvidia researchers in late 2018 (Karras et
al., 2019). The authors of CoModGAN were able to modify the generator network to
create new objects or scenes within large missing regions, instead of relying on the
surrounding pixels.

CoModGAN achieves this by combining two different types of GANs: image-conditional
GANSs and unconditional modulated GANs. Image-conditional GANs take an image
with a missing area and learn to fill it, while preserving existing content and ensuring
consistency. On the other hand, unconditional modulated GANs generate images from
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noise and use modulation techniques to control the style and features of the generated
images. They can create diverse and high quality images from scratch. CoModGAN
uses both an image conditional representation, which extracts features from the input
image to understand its context and structure, and a stochastic noise representation,
which creates a ”style” vector from noise, allowing the network to generate new con-
tent. These representations are then combined into one, which is used to modulate the
generator’s convolutional layers. This way, the model can generate an image which
conforms to the original image’s context and structure, while also introducing new
features, structures and textures, thus avoiding the typical blurriness found in typical
GAN:S.

More recently, in 2024, Chen Y. et al. developed two new GAN-based models,
Multi-scale Feature Module with Attention Module (MFMAM) (Y. Chen et al., 2024b)
and Deep Neural Networks and Attention Mechanism (DNNAM) (Y. Chenetal., 2024a).
MFMAM introduces a multi-frequency masked attention mechanism, which separates
the input image into high and low frequency components. The high-frequency compo-
nent captures fine details and textures, while the low-frequency component captures
broader structures and color information. By processing these components separately,
the model can better reconstruct both fine details and overall structure in the inpainted
regions. The model also employs a multi-scale architecture, where features are ex-
tracted at different scales, allowing it to capture both local details and global context.
This is particularly useful for inpainting tasks, as it helps maintain consistency with the
surrounding areas of the image. DNNAM builds upon MEMAM by introducing a dual-
nature network architecture. It features two parallel branches: one branch focuses on
reconstructing structural information, while the other branch focuses on texture syn-
thesis. The structural branch uses a series of convolutional layers to capture the overall
layout and geometry of the image, while the texture branch employs a more complex
architecture with attention mechanisms to synthesise realistic textures. The outputs
from both branches are then fused together to create the final inpainted image.

Diffusion Models

Diffusion models have since become the state-of-the-art approach for image generation.
Their ability to generate new, high quality content can be highly beneficial for certain
applications.

One key work in this field is Denoising Diffusion Probabilistic Models (Ho et al., 2020).
This model laid the groundwork for future diffusion models, demonstrating their po-
tential for high-quality image generation. The authors showed that by using a Markov
chain to gradually add noise to an image and then learning to reverse this process, it
was possible to generate high-quality images from random noise.

Diffusion models work by turning noise into an image. During their training pro-
cess, the diffusion model must turn the input images into noise, and then be able to
iteratively revert it back into the original image. These models can be used for inpaint-
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ing tasks, such as object removal, by conditioning the reverse diffusion process with the
masked image. They are able to generate higher quality images, with diverse inpainted
content and fewer artifacts. Furthermore, they can better capture complex distributions
and intricate details.

One of the earlier diffusion models for image inpainting, LaMa (Suvorov et al.,
2021), was introduced in 2021. This model was able to inpaint large missing regions
with high quality results. The generator uses Fast Fourier Convolution (FFC)s (Chi et
al., 2020) in the generator, which allow the model to capture content from other areas
of the image, even if they are far away from the missing region.

Another pivotal model is RePaint (Lugmayr et al., 2022), introduced in 2022. This
model uses a pre-trained diffusion model and adapts it for image inpainting tasks. The
model uses an iterative process to fill in the missing regions, where each step refines
the inpainted area. The model performs multiple reverse steps (denoising) to generate
the missing pixels, but at each step, it resamples the known pixels back to the ground
truth. This conditioning ensures that the generated content seamlessly blends with the
existing image data.

Stable Diffusion Inpainting (Rombach et al., 2022) is one of the more widely adopted
solutions. The diffusion process occurs at a lower dimentional latent space, making it
more computationally efficient. The original model was developed for generating im-
ages from text prompts. However, the inpainting version was modified and fine-tuned
to take masked images as input.

Architectural Concepts

Both GANs and diffusion models share some important architectural aspects, such as
the use of CNNSs, attention mechanisms, transformers and coarse-to-fine approaches.

CNN s are typically used as the backbone of generative models, as they allow the
model to learn complex features in images. A commonly used CNN is U-Net, described
in section 2.2.1. The use of skip connections allows it to better reconstruct fine details
in the inpainted images.

While CNNSs are great at extracting local features, they often lack the ability to find
long-range dependecies within the images. Attention mechanisms allow the model to
identify relevant patches from known regions of the image to fill in the missing areas.
Contextual attention, one of the earlier attention mechanisms, featured in the DeepFill
model, allow the network to explicitly search for similar patches from the known areas
of an image and use them to reconstruct the missing regions (J. Yu et al., 2018). This
search is conducted by calculating a similarity score between features from different
areas of the image. The similarity score acts as a weight for the model to aggregate
information. Self-attention, as used in transformers, allows each element of an image
(pixels or patches) to interact with every other element (Vaswani et al., 2023). The
model is able to capture global dependencies and relationships across the image.

Transformers are neural networks which process sequential data in parallel, mak-
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ing them computationally more efficient than traditional neural networks. While they
were originally developed for Natural Language Processing (NLP) tasks (Vaswani et
al., 2023), they have been extensively used in CV tasks.

Images are separated into smaller patches, called tokens, which are then converted
into numerical embeddings Dosovitskiy et al., 2021. As the network would not nor-
mally be able to identify the position of each token, a positional encoding is added.
The self-attention mechanism is used to compute Query (Q), Key (K) and Value (V)
vectors for each token. The interaction between QQ and K results in attentions scores,
which are normalised and used to create a weighted sum of V vectors, which is essen-
tially a new contextualised representation of the tokens. Several attention mechanisms,
or "heads”, allow the model to focus on different features of the image. The outputs of
the attention heads are combined into one single output for each token, which is then
fed into a Feed-Forward Network (FEN) to further process the information. The orig-
inal transformer model uses an encoder-decoder architecture. The encoder consists of
several identical layers, each with multi-head self-attention and an FEN. It results in a
new contextual representation of the input sequence. The decoder also consists of sev-
eral identical layers, but each has three sub-layers: masked multi-head self-attention,
cross-attention (also known as encoder-decoder attention) and a FEN. The decoder’s
self-attention mechanism is similar to the one used in the encoder, but it is masked to
prevent attending to future tokens. The cross-attention mechanism uses queries from
the previous decoder layer and keys/values from the encoder’s output, allowing the
decoder to take the input sequence into account. The FEN is the same as the one used
in the encoder. Figure 2.13 illustrates the architecture of a vision transformer.
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Figure 2.13: Vision Transformer (ViT) architecture, illustrating the process of splitting an image into
patches, embedding them, adding positional encodings, and passing them through multiple transformer
layers consisting of multi-head self-attention and feed-forward networks. The final output is used for
classification or other downstream tasks. Adapted from (Dosovitskiy et al., 2021).

Due to the transformer’s ability to model long-range dependencies in images, they
have become highly attractive for inpainting tasks. They can either be used as a gener-
ative model’s backbone, effectively replacing CNNSs, or as components of a generative
network in a hybrid approach (Esser et al., 2021). When used in a hybrid approach, a
CNN is still used for initial local feature extraction, and a transformer is used at a later
stage to identify relationships between different parts of the image. Some layers of the
CNN can also be replaced with transformer blocks or modified by adding an attention
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mechanism to improve the flow of information between known and masked regions of

the image.

2.4 Datasets

Another important thing to consider when training a model is what it needs to be able
to recognise. As such, finding a suitable dataset is paramount. In the research field,
there are several prominent datasets which have contributed to better models being
created. These datasets serve as a basis for comparison between different solutions.

For semantic segmentation, one of the most popular datasets is PASCAL Visual
Object Classes (VOC) ((Everingham et al., 2010)). It was instrumental in the early de-
velopment of semantic segmentation architectures, especially due to the introduction
of the VOC 2012 segmentation challenge (Everingham et al., 2015). It contains 9,929
images, with 20 classes of objects.

Cityscapes (Cordts et al., 2016) is another important dataset for semantic segmen-
tation, focusing on urban street scenes. It contains 5,000 high-resolution images with
pixel-level annotations for 30 classes, including various object categories and stuff classes.
The dataset is widely used for training and evaluating segmentation models in au-
tonomous driving applications.

Scene UNderstanding (SUN) (Xiao et al., 2010; Xiao et al., 2016) is a large-scale
dataset for scene understanding, containing over 130,000 images with pixel-level anno-
tations for 397 object and stuff categories. It covers a wide range of indoor and outdoor
scenes. A subset of this dataset, SUN RGB-D (Song et al., 2015), focuses on indoor
scenes and includes depth information.

Places2 (Zhou et al., 2017) is a large-scale dataset for scene recognition, contain-
ing over 10 million images across 400+ scene categories. Similar to ImageNet, it is
not specifically designed for segmentation tasks, but it has been used for pre-training
segmentation models, especially for understanding scene context.

ADE20K (Zhou et al., 2018) is a comprehensive dataset for semantic segmentation,
containing over 25,000 images with pixel-level annotations for 150 object categories. It
covers a wide range of scenes from the SUN and Places2 datasets, including indoor
and outdoor environments.

ImageNet (Deng et al., 2009) is a large-scale image dataset primarily used for im-
age classification tasks. It contains over 14 million images across more than 20,000
categories. While it is not specifically designed for segmentation tasks, it has been
used as a pre-training dataset for segmentation models, providing a rich source of vi-
sual features. A competition, the ImageNet Large Scale Visual Recognition Challenge
(ILSVRC), has been held annually since 2010, driving significant advancements in com-
puter vision (Russakovsky et al., 2015).

Common Objects in Context (COCO) (Lin et al., 2015) is one of the most influen-
tial and widely adopted datasets for instance segmentation and object detection. It also
plays a significant role in semantic segmentation research and, since 2018, in panop-
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tic segmentation research. It features a large number of everyday objects in complex,
natural scenes, with pixel-wise instance masks for 80 object categories, and 91 ”stuff”
categories. The 2017 COCO-Stuff dataset (Caesar et al., 2018) contains approximately
118,000 images for training, 5,000 for validation and 41,000 for testing. In the training
and validation splits, there are approximately 886,000 instances of objects.

Several datasets used for image segmentation models, such as ImageNet, Places2,
COCO, have also been used for training inpainting models.

Typically, the images are combined with masks, resulting in “corrupted” images
with missing areas. These masks can be random rectangles, irregular masks, or masks
based on object segmentation.

The models are trained to infer the missing areas in order to achieve results similar
to the original images. Some specialised datasets for image inpainting have also been
released.

CelebA-HQ (Karras et al., 2018) is a high-quality version of the CelebA dataset (Z.
Liu et al., 2015), containing 30,000 images of celebrity faces with high resolution. It
has been used for training and evaluating image inpainting models, particularly for
face inpainting tasks.

RORD (M.-C. Sagong et al., 2022) was released in 2021, as an effort to set a new
benchmark for image inpainting models. It contains over 400,000 images for train-
ing and 50,000 images for validation. The images contain objects from COCO classes.
Each image has an associated ground truth image, where objects are not present, and
a binary mask denoting the objects to be removed. The authors showed significant
improvements in model performance when trained in the RORD dataset, against the
COCO and Places2 datasets with masks applied.

Syn4Removal (Jiang et al., 2025) is a large-scale object removal dataset, created
by copying and pasting objects from instance segmentation datasets onto images. It
provides these images both with objects, serving as input, and the original images
as ground-truth. It contains 1 million training images, 10,000 validation images and
10,000 test images. The objects are taken from the COCO dataset, while the background
images are taken from the ImageNet dataset. The authors showed that models trained
on this dataset were able to generalise well to real-world images.

2.5 Training Methodologies

Asevidenced by the constant improvement of network architectures, with the introduc-
tion of revolutionising concepts, it is clear that these are fundamental to achieve good
results. However, just as important as the architecture itself are the training method-
ologies.



24 2. Background

2.5.1 Loss Functions

For the training process, it is crucial to use an adequate loss function, which quantifies
the difference between the desired output of the model and the target. The goal of
the training process is to minimise this function as it learns how to reach the desired
output. There are several loss functions which can be used in image segmentation.

For pixel-wise classification models, cross-entropy loss functions are commonly
used (I. Goodfellow et al., 2016). The Binary Cross Entropy (BCE) loss function is
used when it comes to binary segmentation. For each pixel, it compares the predicted
probability of belonging to a certain class to the true value. In multi-class semantic seg-
mentation, categorical cross-entropy is used instead. It compares the predicted prob-
ability distribution of each pixel over all classes to the true value. This loss function
struggles dealing with class imbalance — when the number of pixels belonging to one
class is much greater than the number of pixels belonging to other classes. The model
may not be able to identify small objects in an image with other large objects, as the
model prioritises identifying the class with the largest area. It also treats all pixels
equally, regardless of their relationship or the object shape.

Cross-Entropy Loss:

N
CE=- Z yilog(pi) (Cross-Entropy Loss)
i=1

where N is the number of classes, y; is a binary indicator (0 or 1) if class label i is the
correct classification for the pixel, and p; is the predicted probability for class i.

Binary Cross-Entropy Loss:

1
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BCE = — [yilog(pi) + (1 — yi) log(1 — pi)] (BCE Loss)
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where N is the number of pixels, y; is the true label (0 or 1) for pixel i, and p; is the
predicted probability for pixel i.

Categorical Cross-Entropy Loss:

N
CCE:—Z
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yijlog(pij) (Categorical Cross-Entropy Loss)
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where N is the number of pixels, C is the number of classes, y;; is a binary indicator
(0 or 1) if class label j is the correct classification for pixel i, and p;; is the predicted
probability for class j for pixel i.

The dice loss function (Dice, 1945) addresses the class imbalance problem by mea-
suring the overlap between the predicted segmentation and the ground truth (Sudre
etal., 2017). This way, it encourages the model to better segment smaller objects. How-
ever, it can lead to unstable training if the initial predictions are poor and there is no
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overlap.

Dice Loss: N
2 piyite

Shipi+Eliyite
where N is the number of pixels, p; is the predicted probability for pixel i, y; is the true

Dice Loss = 1 — (Dice Loss)

label (0 or 1) for pixel 7, and € is a small constant to prevent division by zero.
Another loss function which is similar to dice loss is the Jaccard Index loss function
(Jaccard, 1901), also known as Intersection over Union (IoU) loss. While it shares the
same advantages as the dice loss, it also suffers with the same problems. This function
is often used for evaluating image segmentation models.
IoU Loss:

SN piyite

IoU Loss =1 —
S P+ D Vi — DL piyi + €

(IoU Loss)

where N is the number of pixels, p; is the predicted probability for pixel 7, y; is the true
label (0 or 1) for pixel 7, and € is a small constant to prevent division by zero.

The focal loss function aims to address extreme class imbalance and the problem of
hard vs. easy examples by adding a modulating factor to the standard cross-entropy
loss, down-weighting the loss contribution from well-classified examples and forcing
the model to focus more on misclassified examples (Lin et al., 2018). The weighting
factor for class imbalance and the focusing parameter must be carefully tuned for this
loss function to work as intended.

Focal Loss:

Focal Loss = —a(1 — p;)” log(p:) (Focal Loss)

where p; is the predicted probability for the true class, a; is a weighting factor for class
imbalance, and y is the focusing parameter.

The Tversky loss function combines the dice loss and Jaccard loss, introducing two
parameters that allow for control over the trade-off between false positives and false
negatives (Salehi et al., 2017). If both parameters equal to 0.5, then the function equals
the dice loss, and if they are equal to 1 it becomes the Jaccard loss. This function, just
like in the case of the focal loss function, requires careful tuning of the parameters.
If correctly tuned, it can provide fine-grained control over false positives/negatives,

which is very valuable in specific applications, such as medical imaging.

Tversky Loss:

le piyi + €
ShipyitaX pil-y)+ BN (L-piyi+e

Tversky Loss = 1 — (Tversky Loss)

where N is the number of pixels, p; is the predicted probability for pixel 7, y; is the true
label (0 or 1) for pixel i, @ and  are parameters that control the trade-off between false
positives and false negatives, and € is a small constant to prevent division by zero.
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It’s common practice to combine loss functions to take advantage of the strengths
of each. One such function combines the BCE and dice loss functions, and each is given
a contributing factor which can be optimised.

Combined BCE and Dice Loss:

Combined Loss = A - BCE + (1 — A) - Dice Loss (Combined Loss)

where A is a weighting factor that balances the contribution of each loss component.

2.5.2 Optimisers

To adjust the model’s internal parameters, the loss value must be used by an optimiser,
which tries to find the direction that will minimise the loss value in following predic-
tions.

One of the better-known optimisers, upon which most other are built or compared,
is the Stochastic Gradient Descent (SGD) optimiser (Robbins et al., 1951). It is simple
and computationally efficient, as it calculates the gradient and updates parameters for
a small random subset of the data at each step, instead of performing calculations over
the entire dataset. It takes a step in the direction opposite to the gradient of the loss
function. The size of the step is defined by the learning rate. Due to the stochastic na-
ture of this optimiser, it can escape shallow local minima. However, it can be slow to
converge, it is prone to oscillations and it is highly sensitive to the learning rate param-
eter. To mitigate some of these issues, a commonly used variant adds Momentum. This
helps accelerating the optimiser in the relevant direction and dampens oscillations by
adding a fraction of the previous update vector to the current update.

In the modern DL landscape, the Adaptive Moment Estimation (Adam) optimiser
(Kingma et al., 2017) is one of the most popular and widely used optimisers. It auto-
matically adjusts learning rates, often converges faster than SGD, particularly on com-
plex models and datasets, and it handles sparse gradients well, which is a common
problem in deep networks. The main drawback of Adam is that it can sometimes lead
to suboptimal generalisation performance compared to SGD with momentum. To ad-
dress this, several variants of Adam have been developed, such as Adam with Weight
Decay (AdamW) (Loshchilov et al., 2019), which decouples weight decay from the
gradient update, leading to better generalisation.

2.6 Evaluation Metrics

To understand how a model performs, it is important to evaluate it according to specific
metrics.

When it comes to image segmentation, one of the most popular evaluation metrics
is IoU/Jaccard Index (Jaccard, 1901). This metric measures overlap between predicted
and ground truth masks. The Dice coefficient (Dice, 1945) is similar to IoU, and it is
often used for assessing segmentation models for medical imaging.
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For instance segmentation, the Average Precision (AP) metric is widely used. It is
also used for evaluating object detection models. As for panoptic segmentation, the
Panoptic Quality (PQ) metric (Kirillov et al., 2019b) combines segmentation quality
and recognition quality metrics.

IoU/Jaccard Index (Jaccard, 1901): Intersection over Union, reports the overlap
between the predicted segmentation and the ground truth.

_|ANB|

IoU =
YT 1A UB|

(IoU)

Mean IoU (mloU): The average IoU across all classes, providing a single perfor-
mance measure for multi-class segmentation tasks.

C
1
mloU = C Z IoU; (mean Intersection over Union (mloU))
i=1

Where C is the number of classes and IoU; is the IoU for class i.

Dice Coefficient (Dice, 1945): Similar to IoU, it measures the overlap between the
predicted segmentation and the ground truth, but gives more weight to true positives.

2|A N B|
Dice = — (Dice)
|Al + B

Accuracy: Measures the overall correctness of the model’s predictions.

TP+TN
TP+TN +FP+FN

Accuracy = (Accuracy)

Precision: Evaluates the accuracy of the positive predictions made by the model.

... TP .
Precision = TP+ FP (Precision)

Recall: Measures the ability of the model to find all the relevant cases (true posi-

tives).
TP

Recall = m (Recall)

F1 Score: The harmonic mean of precision and recall, providing a balance between

the two.

Precision X Recall
F1 =2 X F1
Score Precision + Recall (F1 Score)

Average Precision (AP): Measures the precision-recall trade-off for object detection
and instance segmentation tasks. It is calculated by averaging the precision values at
different recall levels.

AP = /1p(r)dr (AP)
0

Where p(r) is the precision as a function of recall r.
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Panoptic Quality (PQ) (Kirillov etal., 2019b): A comprehensive metric for panop-
tic segmentation that combines segmentation quality (IoU) and recognition quality (F1
Score).

PQ = Z(p,g)eTP IOU(}?, g)

= (PQ)
|TP| + 3|FP|+ 1|FN]|

Where TP is the set of true positive matches between predicted segments p and ground
truth segments g, FP is the number of false positives, and FN is the number of false

negatives.

The evaluation of inpainting models requires specific metrics, which can be classi-
fied as either pixel-level or perceptual metrics. Pixel-level metrics include Mean Squared
Error (MSE), PSNR and SSIM. Perceptual metrics include Fréchet Inception Distance
(FID) and Learned Perceptual Image Patch Similarity (LPIPS).

Pixel-level metrics evaluate the model’s performance by comparing the inpainted
result to the ground-truth image pixel-by-pixel. They are sensitive to exact pixel matches.
The MSE is the average of the squared differences between the pixel values of the
ground-truth image and the inpainted image. While a lower MSE indicates a closer
match between the inpainted image and the ground-truth image, this does not directly
correlate with human perception: small pixel shifts or blurs can result in higher MSE
values, while the image “looks good”. PSNR measures the ratio between the maximum
possible pixel value and the power of the reconstruction error (noise). It is expressed
in decibels and higher values indicate better results. Just like MSE, it doesn’t directly
correlate with human perception. SSIM measures the perceived similarity between
ground-truth and inpainted images, taking into account luminance, contrast and struc-
ture, which better correlates with visual perception. It is computed locally by sliding
windows and averaging the results. The results can range from -1 to 1, where 1 indi-
cates perfect similarity.

MSE: Mean Squared Error, measures the average squared difference between the
pixel values of the original and reconstructed images. Lower values indicate better
quality.

n
MSE = (% - i) (MSE)
i=1

Where Y; is the pixel value of the original image, Y; is the pixel value of the recon-
structed image, and 7 is the total number of pixels.

PSNR: Peak Signal-to-Noise Ratio, measures the quality of the reconstructed image
compared to the original image. Higher values indicate better quality.

MAX?
MSE

Where MAX| is the maximum possible pixel value of the image (255 for 8-bit images)
and MSE is the Mean Squared Error between the original and reconstructed images.
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SSIM: Structural Similarity Index, measures the similarity between two images.
Higher values indicate better quality.

(QHny + C1)(20xy + Co)

SSIM =
(f@( + ‘ui + Cl)(ai + 012( + Cs)

(SSIM)

Where px and uy are the average pixel values, ai and af, are the variances, and oxy is
the covariance of the two images. C; and C; are small constants to avoid instability.

Perceptual metrics aim to assess how the model’s results align with visual percep-
tion.

The FID metric (Heusel et al., 2018) compares the distributions of a large set of
generated images with a large set of ground-truth images. It uses an Inception-V3
network to extract features, which are then used to calculate the Fréchet distance (a
measure of similarity between two distributions) between the feature sets. A lower
score means that the distributions of generated and ground-truth images are more
similar, implying higher quality results. A score of 0 indicates identical distributions.

LPIPS (Zhang et al., 2018) measures the perceptual similarity between two image
patches (or full images). The images are fed into a CNN, trained on human judgments
of image similarity. A lower score indicates that the images are more perceptually
similar.

2.7 Related Work

Some of the most relevant works in the field of image inpainting are discussed in this
section.

Some early models focused on handling free-form masks and irregular holes, as
these are more applicable to real-world scenarios, as well as making sure the inpainted
content is visually realistic.

GLCIC (lizuka et al., 2017) was the first image inpainting model to allow for free-
form masks. It uses two discriminators to make sure that the inpainted content is both
locally and globally consistent.

Image Inpainting for Irreqular Holes Using Partial Convolutions (G. Liu et al., 2018)
introduced Partial Convolution (PConv), which uses partial convolutions that only
consider valid pixels in the convolution operation. This approach allows the model to
better handle irregular holes and produce more realistic inpainted results.

DeepFill vl (J. Yu et al., 2018) introduced the Contextual Attention Module (CAM)
to better capture long-range dependencies in the image. This attention mechanism
allows the model to focus on relevant parts of the image when filling in missing regions,
effectively solving the blurry results problem seen in previous models.

DeepFill v2 (J. Yu et al., 2019) built upon the previous version by introducing gated
convolutions, which allow the model to learn dynamic feature selection. This results
in improved inpainting quality, especially for complex structures and textures.
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Recently, some models have shifted from using GANs to diffusion models for image
inpainting, as they have shown to produce high-quality and diverse results. Notable
examples include LaMa (Suvorov et al., 2021), Stable Diffusion Inpainting (Rombach
et al., 2022) and RePaint (Lugmayr et al., 2022). However, these models are computa-
tionally expensive and require significant resources for training and inference. Further-
more, they are more prone to hallucination, as their priority is to synthesize realistic
content, which may not always align with the original image context (Quanetal., 2024).
For object removal tasks, where the goal is to seamlessly remove an object while pre-
serving the surrounding context, GAN-based models are often preferred due to their
ability to maintain context and produce coherent results.

There are some image inpainting pipelines that focus on object removal, such as
SmartEraser (Jiang et al., 2025), but these often rely on user input to define the object
to be removed. This can be done through manual selection or by providing a rough
mask. Other solutions, such as PowerPaint (Zhuang et al., 2024), require text prompts
to define the object to be removed. While this approach can yield good results, it re-
quires user intervention and may not be suitable for fully automated applications.

While the models mentioned above have heavily contributed to today’s state-of-the-
artimage inpainting techniques, they serve one specific purpose: image inpainting. For
practical applications, such as automated object removal, image inpainting is just one
step of the process. The object must first be identified and segmented from the image
before it can be removed and inpainted. This requires a separate model for segmenta-
tion, which adds complexity to the pipeline. ModInPainTor, the pipeline developed in
this project, addresses this by integrating segmentation and inpainting models. This
integration allows for a more streamlined object removal process, where the segmen-
tation model identifies the object to be removed, and the inpainting model fills in the
resulting hole. Furthermore, it is possible to identify the classes of objects to be re-
moved, allowing for more targeted object removal.



Research Methodology and
Solution Design

In this Chapter, we detail the architecture of the object removal solution developed
in this project. We discuss the research design, the architecture of the ModInPainTor
pipeline, and the InPainTor model, which serves as a basis for this work.

3.1 Research Design

For this project, we are employing a Design Science Research (DSR) approach. DSR is
aresearch paradigm that focuses on the creation and evaluation of artifacts designed to
solve identified problems (Hevner et al., 2004). It is particularly well-suited for fields
like information systems and computer science, where the development of practical so-
lutions is a primary goal. The DSR methodology, as outlined by Hevner et al., predicts
two main goals for research: the creation of an innovative artifact and the generation
of new knowledge through the evaluation of that artifact. The authors propose seven
guidelines, starting with the Artifact Creation guideline, which emphasizes the im-
portance of designing and developing an artifact that effectively addresses a specific
problem. This artifact can take various forms, including algorithms, models, methods,
or systems. Furthermore, the methodology emphasizes the three cycles: relevance,
rigor and design. The relevance cycle ensures that the research addresses a real-world
problem, the rigor cycle connects the research to existing knowledge and theories, and
the design cycle focuses on the iterative process of building and evaluating the artifact.
The seven guidelines are the necessary criteria for assessing the quality of DSR.

While Hevner et al. provide a comprehensive framework for DSR, Peffers et al. offer
a more detailed process model that breaks down the research into specific activities.
This process model is widely adopted in DSR projects and provides a clear roadmap
for researchers to follow.

The DSR methodology presented in (Peffers et al., 2007) outlines seven key activi-
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ties:

e Problem Identification and Motivation: Define the specific business problem
and justify the value of the solution.

e Define the Objectives for a Solution: Determine the artifact’s functional require-
ments and desired performance goals.

e Design and Development: Create the artifact.

e Demonstration: Show how to use the artifact to solve the problem.

e Evaluation: Measure the artifact’s performance against the solution objectives.

e Communication: Document the problem, the artifact, its utility, and its contri-
bution to the scientific community.

e Iteration: The process is often iterative, cycling back to earlier steps based on

evaluation results.

In this project, we tackle the problem of object removal from images in an indus-
trial context. This involves developing a solution that integrates image segmentation
and inpainting techniques to effectively remove unwanted objects while preserving the
overall image quality. Such a solution is crucial for protecting employee privacy and
ensuring that sensitive information is not inadvertently captured in images.

To address this problem, we will design and develop an artifact named ModIn-
PainTor. This artifact will be a pipeline that combines a segmentation model to iden-
tify objects in images and an inpainting model to remove these objects seamlessly. The
development process will involve selecting appropriate models, integrating them into
a cohesive system, and optimizing their performance for the specific use case.

We will demonstrate the artifact by applying it to a set of images from an object
removal dataset, showcasing its ability to remove specified objects while maintaining
the integrity of the remaining image content. Furthermore, we will evaluate the artifact
using both quantitative metrics, such as PSNR and SSIM, to assess the quality of the
inpainted images, and qualitative analysis to evaluate the visual appeal of the results.
Additionally, we will analyze how the accuracy of the segmentation model impacts the
overall performance of the inpainting process.

Finally, we will document our findings and contributions in this project, providing
insights into the design and effectiveness of the ModInPainTor pipeline. This docu-
mentation will serve as a resource for future research and development in the field of
image processing and object removal.

3.2 ModInPainTor

ModInPainTor is an integration pipeline which combines three stages of image process-
ing: segmentation, creation of the binary mask, and inpainting. The pipeline takes an
image, or a set of images, as its input, along with the COCO class IDs referring to the
object classes that must be removed from the images. The segmentation and generative
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networks are instantiated and their respective weights are loaded. The images are pro-
cessed by the segmentation model, which outputs an n-channel mask, where n equals
to the amount of initially selected classes. This multi-channel mask is converted into
a binary mask, as the generative model only needs to know which pixels need to be
modified. The original images and their binary masks are processed by the generative
model, which outputs the final, inpainted images.
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Figure 3.1: ModInPainTor architecture

The ENet model (Paszke et al., 2016) is specifically designed for real-time semantic
segmentation. It uses an encoder-decoder architecture, where the encoder is respon-
sible for extracting features from the input image, and the decoder is responsible for
upsampling the feature maps to the original image size and producing the final seg-
mentation masks. The model is designed to be efficient in terms of both memory and
computation, making it suitable for real-time applications.

The ENet model is composed of a initial block, followed by five stages of bottleneck
modules, and a final transposed convolutional layer. The initial block is composed of
a convolutional layer with a kernel size of 3x3, stride of 2, and padding of 1, followed
by a max pooling layer with a kernel size of 2x2 and stride of 2. This block reduces
the spatial dimensions of the input image from 512x512 pixels to 256x256 pixels, while
increasing the number of feature maps from 3 to 16. The bottleneck modules consist of
a series of convolutional layers, batch normalization, and PReLU activation functions.
The first stage contains 5 bottleneck modules, the second stage contains 8 bottleneck
modules, the third stage contains 2 bottleneck modules, the fourth stage contains 2 bot-
tleneck modules, and the fifth stage contains 1 bottleneck module. The first 3 stages
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act as an encoder, while the remaining 2 stages decode the information into segmen-
tation masks for each class. Each stage reduces the spatial dimensions of the input by
half, while increasing the number of feature maps. The final transposed convolutional
layer upsamples the feature maps back to the original image size of 512x512 pixels, and
outputs n feature maps, where n equals to the number of classes to be segmented.

In comparison with the InPainTor’s segmentation decoder, described in Section 3.3,
the ENet model is deeper and more complex, with a larger number of parameters (see
Table 4.3 in Section 4.2.2) and layers. This allows it to capture more intricate features
and patterns in the input image, leading to better segmentation performance. The ENet

4

architecture can be seen in Figure 3.2.
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Figure 3.2: ENet architecture

For our purposes, we replaced the Softmax activation function in the final layer
with a Sigmoid activation function, as we want to output independent probabilities
for each class, rather than a probability distribution over all classes. This allows for the
possibility of multiple classes being present in the same pixel, which is important for
our application.

There are three types of DL based generative models: CNN, GANs and Stable Dif-
fusion. As we discuss in Section 2.3, the best generative networks today fall into the
category of GANs and Stable Diffusion.

While stable diffusion models are known to produce high-quality inpainting re-
sults, they prioritize the usage of random backgrounds for inpainted areas and are
more prone to hallucination, whereas we want to maintain the original background as
much as possible. Furthermore, diffusion models are known to be heavy on resources,
which is a limitation we want to avoid. As such, we decided to use a GAN-based ar-
chitecture.

From a selection of GAN-based architectures, some of which described in Section
2.3.2, we selected the PEPSI model (M.-c. Sagong et al., 2019) for its high performance
in object removal tasks and its availability as open-source code (M.-c. Sagong, 2022).
Furthermore, the authors of the PEPSI model, who also released the RORD dataset,
performed an extensive comparison of their model against other state-of-the-art in-
painting methods (as of 2022) (M.-C. Sagong et al., 2022), demonstrating an impres-
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sive performance in terms of both quantitative metrics and qualitative results. Given
the high quality of the results and the availability of the code, it was a natural choice
for our object removal solution.

The PEPSI model (M.-c. Sagong et al., 2019) is a GAN-based architecture specif-
ically designed for object removal tasks. It uses a coarse-to-fine approach, where a
coarse network first generates a rough inpainting of the missing regions, and then a re-
finement network improves the details and quality of the inpainted areas. The model
also incorporates a perceptual loss, which helps to preserve the overall structure and
appearance of the image. The PEPSI model has been shown to outperform other state-
of-the-art inpainting methods on several benchmark datasets, including RORD, Places2
and CelebA-HQ. One major advantage is its prompt availability as open-source code,

which allows for easy implementation and experimentation.

The PEPSI generative model is composed of a generator and a discriminator. The
generator uses an encoder-decoder architecture, with skip connections between the
encoder and decoder layers. The encoder is used to extract features from the image,
while the decoder presents two paths: a coarse and an inpainting (fine) path. During
the training process, both paths are trained. First, a coarse inpainting result is gener-
ated, and then the fine path refines this result. The fine path contains a CAM, used for
understanding the relation between background and hole regions. The CAM obtains
information from the coarse results to understand where it should borrow information
from in the image to complete the inpainted result. The generative architecture can be
seen in Figure 3.3.

The Region Ensemble Discriminator (RED) is only used during training, and is
discarded during inference. It uses a series of convolutional layers to extract features
from the inpainted image and a set of FCLs to classify each region as real or fake. The
discriminator is trained to distinguish between real and inpainted images, while the
generator is trained to produce inpainted images that can “fool” the discriminator. The
discriminator architecture can be seen in Figure 3.4.
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Figure 3.3: PEPSI generative architecture
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Figure 3.4: PEPSI discriminator architecture

3.3 InPainTor

InPainTor (Ribeiro, 2024) is an encoder-decoder architecture for image inpainting, more
specifically for the task of object removal. This project tackles the problem of remov-
ing objects from images and filling in the missing areas with plausible content, while
maintaining the overall structure and context of the image. The project was funded by
FCT - Fundacao para a Ciéncia e a Tecnologia, LP..

The InPainTor network uses a shared encoder for feature extraction and two de-
coders: one for segmentation and one for inpainting. The segmentation decoder cre-
ates class masks from the feature maps obtained by the encoder, while the generative
decoder removes objects from the original image taking into account the encoder’s fea-
ture maps and the segmentation masks created by the segmentation decoder.

The InPainTor’s architecture, due to the sharing of the encoder between segmenta-
tion and generative stages of the process, means that it is lightweight when compared
to other solutions. The encoder uses convolution to create feature maps of smaller size,
where each value condenses information from a broad area of the original image. In-
versely, the decoders use these feature maps to create larger outputs - segmentation
masks of 256x256 pixels and inpainted images of 512x512 pixels. While the segmen-
tation decoder leverages the feature maps created by the encoder, not only from its
last stage, but also from other stages where fewer feature maps are created but more
information is available, the generative decoder also takes into account the masks and
feature maps created by the segmentation decoder. This results in a resource-efficient
model.

The shared encoder is composed of four separational convolutional blocks. The
first one results in 32 feature maps of the same size as the input image. The remaining
three halve the spatial dimensions of the input and double the number of feature maps.
Each block is composed of two convolutional layers, followed by batch normalization
and a ReLU activation function. The encoder takes an RGB image of 512x512 pixels as
input, and outputs 256 feature maps of 64x64 pixels.

The segmentation decoder is composed of three separational transposed convolu-



3.3. InPainTor 37

tional blocks, each one doubling the spatial dimensions of the input and halving the
number of feature maps. Each block is composed of a transposed convolutional layer,
followed by batch normalization and a ReLU activation function. The first block takes
the 256 feature maps of 64x64 pixels from the encoder as input, and the last block out-
puts 64 feature maps of 256x256 pixels. The 1x1 convolutional operation that follows
outputs n feature maps of 256x256 pixels, where n equals to the number of classes to
be segmented. Each upsampling block also takes as input the feature maps from the
corresponding encoder block, through skip connections. This allows the decoder to
capture both high-level and low-level features for better segmentation performance.

The generative decoder is composed of four upsampling blocks, each one doubling
the spatial dimensions of the input and halving the number of feature maps. Each
block is composed of a transposed convolutional layer, followed by batch normaliza-
tion and a ReLU activation function. The first block takes the 256 feature maps of 64x64
pixels from the encoder as input, and outputs 256 feature maps of 64x64 pixels. The
second block outputs 128 feature maps of 128x128 pixels, the third block outputs 64
feature maps of 256x256 pixels, and the fourth block outputs 3 feature maps of 512x512
pixels, which correspond to the RGB channels of the inpainted image. Each upsam-
pling block also takes as input the feature maps from the corresponding encoder block,
through skip connections. Additionally, the generative decoder takes as input the seg-
mentation masks created by the segmentation decoder, which are concatenated to the
feature maps from the encoder before being processed by the first upsampling block.
The generative decoder also uses attention blocks, derived from feature maps created
by the segmentation decoder. The feature maps generated by the attention blocks are
then used to modulate the feature maps in the generative decoder. This allows the
generative decoder to focus on the areas of the image that need to be inpainted, based
on the segmentation masks.

The author notes some limitations about this architecture. In a first note, the model
appears to struggle with large, diverse datasets such as COCO 2017. Data augmenta-
tion could aid in improving the model’s performance, but it was yet to be implemented.
The generative decoder’s architecture also seems to struggle in producing good results,
and the author states that it may be “too simplistic” for the problem. However, this
model is light on resources and could prove to be a good choice where hardware con-
straints are found.

The author also provides some future directions for the development of the In-
PainTor project, namely in terms of improving segmentation performance and enhanc-
ing the generator’s architecture.

Regarding the segmentation, one possible way forward would be to implement a
more sofisticated architecture, such as ENet (Paszke et al., 2016) or Bilateral Segmenta-
tion Network (BiSeNet) C. Yu et al., 2018. ENet is a lightweight segmentation architec-
ture comprising an encoder-decoder structure, with early downsampling and dilated
convolutions to capture context while maintaining efficiency. BiSeNet uses a dual-
path architecture, with a spatial path to preserve spatial information and a context
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Figure 3.5: InPainTor architecture

path to capture high-level features. It also employs attention mechanisms to enhance
feature fusion between the two paths. The BiSeNet authors compare their architecture
against other segmentation architectures, including ENet. They report a 31.3% mloU
and 65.5% pixel accuracy on the COCO Stuff dataset when using ResNet101 as a back-
bone. On the Cityscapes dataset, they report a 68.7% mloU when using Res18 as a
backbone. On the same dataset, ENet reports a 51.3% mloU, but higher IoU values in 8
out of 11 classes. Both architectures are designed to be efficient and could potentially
improve the segmentation performance of InPainTor without significantly increasing
its resource requirements.

As for the generative decoder, the number of parameters and layers could be tweaked
as to maximize its performance. However, all of the components are tightly integrated,
which means that larger modifications in one component could have severe impact on
other components.

The InPainTor model had not yet been evaluated quantitatively, but the author pro-
vided some qualitative results, which show that the model is able to remove objects
from images and fill in the missing areas with plausible content. The results are not
perfect, but they are promising, especially considering the model’s simplicity and re-
source efficiency.

In this project, InPainTor will be evaluated quantitatively and compared to other
models. Furthermore, some of the author’s suggestions for future work will be imple-
mented in ModInPainTor and evaluated.



Implementation and Results

This section details the datasets and experimental setup used in our experiments, as
well as the training and fine-tuning procedures for the segmentation and generative
models. We also present the results obtained from our experiments, including quan-
titative metrics and qualitative analysis of the inpainting results. We conclude with
a discussion of the findings and their implications for the field of object removal in

images, as well as future directions for the project.

4.1 Experimental Setup

In this section, we detail the hardware and software environment used for our experi-

ments, as well as the datasets employed.

4.1.1 Hardware

To train the segmentation and generative models, several machines were used. Their
specifications can be seen in Table 4.1.

Table 4.1: Hardware used for experiments

Machine # | CPU GPU Memory oS
1 AMD EPYC 7302 | Nvidia A100 40GB | 128GB E;?,D}mtu 20.04.6
Nvidia Titan Xp Ubuntu 22.04.4
2 Intel Xeon E5-2630 12GB 64GB LTS
AMD Ryzen 7 | Nvidia RTX4060M .
3 8845HS SCB 32GB Windows 11

Machine #2 was used to train the PEPSI generative model, while machine #3 was
used to train the shared encoder and segmentation decoder on the InPainTor model for
all 91 COCO classes.

All other tasks, including the optimisation of hyperparameters, testing and evalu-
ation of individual models and end-to-end pipelines, were performed on machine #1

39
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due to its significantly superior hardware performance.

4.1.2 Software

The main DL framework used was PyTorch, due to its flexibility, intuitive API, and
strong support for GPU acceleration. Additional libraries and tools included:

e NumPy for numerical operations and array manipulation.

e OpenCV (cv2) for image processing and evaluation metrics.

e Matplotlib for plotting and visualization.

e Optuna for hyperparameter optimization.

e tqdm for progress bars during training and evaluation.

e scikit-learn for additional metrics and data processing utilities.

All experiments were managed and executed within isolated Miniconda environ-
ments to ensure reproducibility and dependency management.

To develop the code, we used Visual Studio Code, which allowed us to easily man-
age the different Python environments and seamlessly work across different machines.
In remote machines, we used Visual Studio Code’s remote development capabilities to
connect to the machines via SSH and work directly on them.

When debugging certain features, we used Jupyter Notebooks, which allowed us
to run code in an interactive manner and visualize outputs immediately.

When running commands on remote machines, we used tmux to create persistent
terminal sessions. This allowed us to run long training processes even after disconnect-
ing from the remote machine.

We used machine #1 for most tasks, including model evaluation, as it has the most
powerful hardware. Machine #2 was used for training the PEPSI model, as machine #1
was being used for training sementation models. Machine #3 was used for training the
InPainTor model’s segmentation stage, as the other machines were being used to train
other models.

4.1.3 Datasets

The selection of datasets for training, testing and evaluating models greatly impacts
their performance. Assuch, itisimportant to choose adequate datasets for the intended
tasks.

Both the InPainTor and ENet segmentation models were trained and evaluated on
the COCO 2017 dataset. The COCO dataset contains over 200,000 images on the train
set, and over 60,000 images on the validation set, with annotations for 91 classes of
objects, enabling models to be more flexible. Furthermore, it is one of the most popular
datasets for object detection and segmentation tasks, allowing for a broad comparison
of models.

The train set was split in an 80/20 ratio to create a test set for final evaluation. The
images have three channels, for RGB. For both InPainTor and ENet models, images were
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resized to 512x512 pixels. The images were loaded in float32 format, in a range of [0, 1].
No normalization was applied to the images. The masks were created when loading
the images, by projecting the polygons defined in the COCO annotations onto a blank
mask of the same size as the image. Each class was assigned to a different channel in
the mask tensor, resulting in a tensor of shape [number of classes, width, height]. The
masks were also loaded in float32 format, in a range of [0, 1]. No data augmentation
techniques were employed.

The InPainTor generative decoder and the PEPSI inpainting model were trained on
the RORD dataset. As no optimization tasks were performed on the generative models,
the models were trained on the test set and evaluated on the validation set.

For the InPainTor model, the original and ground truth images were resized to
512x512 pixels. The images were loaded in float32 format, in a range of [0, 1]. No
normalization was applied to the images. As the InPainTor model uses the segmenta-
tion masks produced by the segmentation stage, the generative decoder was trained
using these masks as input, alongside the original images. The dataset loader returns
two arrays for each batch: one for the images, and the other for the class masks.

The PEPSI model was trained on images resized to 512x512 pixels. The images were
loaded in float32 format, in arange of [0, 1]. The original and ground truth images were
normalized to the range of [-1, 1]. The binary masks were loaded in float32 format, in
a range of [0, 1]. The dataset loader return three arrays: one for the original images,
another for the binary masks, and the other for the ground truth images.

For further evaluation purposes, a set of new ground truth images were created
for the RORD dataset. These images were created by removing the persons from the
original images using the labels provided in the dataset. We identify this dataset as
the RPVD. The class IDs were reverse engineered, and the class pertaining to persons
was identified as “F38”. The masks were created by projecting the polygons defined
in the RORD annotations onto a blank mask of the same size as the image. The areas
defined in this new mask were then copied from the original ground truth images
onto the original images, creating new ground truth images without persons. These
images were used to evaluate the performance of the models in removing persons from

images.

4.2 Model Training and Fine-Tuning

In this section, we detail the training and fine-tuning procedures for the segmentation
and generative models used in our experiments. All models were trained from scratch

to ensure a fair comparison of their performance.

4.2.1 Segmentation Models

The segmentation models output a tensor of shape [batch size, number of classes,
width, height]. Each channel in the tensor corresponds to a class mask, with values
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in a range of [0, 1], where 0 indicates that the pixel does not belong to the class, and 1
indicates that it does.

The training parameters for the InPainTor model were based on the original im-
plementation, with some slight modifications to improve performance. We used the
hyperparameters that were selected in the original implementation: a learning rate of
0.1, batch size of 8, the Adam optimizer and the BCE Loss. The scheduler was originally
set to obtain the segmentation loss value after every 500 batches of images processed. If
there was no loss improvement between two values, the learning rate would be updated
by a factor of 0.25. However, we found the learning rate to be lowering too quickly, and
decided to step the scheduler only after each epoch of training. Furthermore, instead
of analysing the loss value, the scheduler was set to reduce the learning rate if the val-
idation mIoU did not improve after 2 epochs. We also decided to reduce the learning
rate by a factor of 0.1. We trained the shared encoder and segmentation decoder for 10
epochs, as had been specified by the original authors. We confirmed that there was no
need to train for more epochs as by the 10th epoch there was no longer improvement in
loss and mIoU values. While the author had originally trained the model to recognize 3
COCO classes, we decided to train it to recognize all 91 classes. To assess the impact of
this decision on the model’s segmentation performance, we decided to also train it for
only 16 classes. The progression of the validation loss and mloU for the model trained
for all classes can be seen in Figure 4.1, and for the model trained for 16 classes can be
seen in Figure 4.2.

The ENet model, obtained from (D. Silva, 2018), was trained on the COCO 2017
dataset, with all 91 classes, just like the InPainTor segmentation stage had been trained.
In a first iteration of the model, we decided to use the hyperparameters that Paszke et
al. describe in ENet’s paper (Paszke et al., 2016). The learning rate was set to 5e-4, the
batch size to 16 images, and we used the Adam optimizer. We used the ENet weighting
function to calculate weights for each class according to their presence in the dataset.
These weights were then used in a weighted loss function, where they were multiplied
by the BCE Loss to aid the model in learning how to identify less common objects. To
make sure the model achieved maximum convergence, we decided to train the model
for 50 epochs. The training and validation loss and mIoU progression can be seen in
Figure 4.3.

We allowed Optuna to optimize the hyperparameters of the ENet model, including
the number of channels in the first convolutional layer, batch size, learning rate, and
weight decay. To take advantage of the full capabilities of the hardware we were work-
ing on, we allowed Optuna to test the number of channels on the first convolutional
layer in a range of 8 to 64, in steps of 2. Furthermore, the batch size was tuned in a
range of 8 to 16, in steps of 2. The learning rate was tuned in a range of le-5 to 1le-3,
and the weight decay between le-6 and le-3. The optimization process was guided
by the validation mIoU metric. For each trial, the model was trained for a maximum
of 5 epochs, with early stopping implemented to halt trials that did not show promis-
ing results. We chose AdamW for the optimizer. Optuna was allowed to run for 100
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Figure 4.1: InPainTor segmentation model validation loss and mloU over 10 epochs.

trials. The best hyperparameters were then used to train the ENet model for a full 50
epochs. The best results indicated the optimal value for the number of channels on the
first convolutional layer to be 64, a batch size of 14 images, a learning rate of ~1.734e-4,
and a weight decay of ~7.677e-6. The validation mIoU after 5 epochs of training was
~5.241%. The most important hyperparameter was found to be the number of channels
on the first convolutional layer, at around an importance of 0.4, followed by the learn-
ing rate at around 0.16, the batch size at around 0.07 and the weight decay at around
0.05.

The hyperparameters are summarized in Table 4.2.

Table 4.2: Segmentation Model Training Hyperparameters

Description Batch | Channels LR Opt. Decay
InPainTor 8 16 0.1 Adam None
ENet 10 16 5e-4 Adam 2e-4
ENet Tuned 14 64 ~1.7343e-4 | AdamW | ~7.6770e-6

The ENet model was then trained using the finetuned hyperparameters, for 46
epochs. The model was originally planned to train for 50 epochs, but the process was
halted at the 47th epoch as it was evident that there would be no more evolution in
performance. There was a significant improvement in results, albeit at a high compu-
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Figure 4.2: InPainTor segmentation model for 16 classes validation loss and mloU over 10 epochs.

tational cost.

We also decided to train the model on 16 COCO classes, as to assess the impact of
recognizing more classes. The training parameters for the tuned ENet model trained
for 16 classes were the same as those used for the 91 class model. The only difference
was that the class weights were recalculated to account for the different number of
classes.

The validation loss and mloU progression for the tuned ENet models can be seen
in Figures 4.4 and 4.5.

4.2.2 Generative Models

The InPainTor generative stage is trained on the RORD dataset, after the segmentation
stage, comprised of the shared encoder and segmentation decoder, is trained on the
COCO dataset, as detailed in section 4.2.1. The encoder and segmentation decoder’s
weights are frozen, and the generative decoder is trained using the original images and
the segmentation masks produced by the segmentation stage as input.The generative
decoder is trained to reconstruct the original image without the objects identified in
the binary mask. The MSE function is used. The model was trained for 10 epochs,
with a batch size of 8 images. The Adam optimizer was used, with a learning rate of
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Figure 4.3: ENet original segmentation model validation loss and mloU over 50 epochs.

le-1. The training loss progression can be seen in Figure 4.6.

The code for the PEPSI inpainting model was obtained from the RORD GitHub
repository (M.-c. Sagong, 2022). Due to hardware constraints, the output image size
was reduced to 256x256, and the batch size was reduced to 8 images. The model was
trained for 450,000 iterations.

The PEPSI model uses the original images and binary masks as input. The origi-
nal images are multiplied by the inverse of the binary masks, effectively blacking out
the areas to be inpainted. The PEPSI generative model was trained alongside a dis-
criminator, in an adversarial manner. After each batch of images was processed by the
generator, the disriminator identified whether the inpainted images were real or fake.
The loss function used for the generator was a combination of MSE loss and adversarial
loss, while the discriminator used binary cross-entropy loss. The model was trained
for 450,000 iterations, with a batch size of 8 images. The Adam optimizer was used,
with a learning rate of 2e-4 for both the generator and discriminator. This learning rate
was modified after 400,000 iterations, being reduced to 2e-5 for both models.

For both models, the output is a tensor of shape [batch size, 3, width, height], cor-
responding to the inpainted RGB images.

The ModInPainTor aggregates the segmentation model of choice with the PEPSI
inpainting model. It takes a set of non-normalized images (i.e. in float32 format, in
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Figure 4.4: ENet tuned segmentation model validation loss and mloU over 46 epochs.

the range [0, 1]) as input, and processes them through the segmentation model, which
outputs a tensor of masks in the format [# of masks, # of classes, width, height]. The
masks tensor is converted into binary masks. The original images must then be nor-
malized to the range [-1, 1] to be compatible with the PEPSI model. The normalized
images are multiplied by the inverted binary masks to blank out the areas to be in-
painted. The blanked out images, along with their respective binary masks, are fed
through PEPSI, which outputs the final images with the identified objects removed in
a tensor of shape [batch size, 3, width, height]. These images are then denormalized

back to the range [0, 1] to be comparable to the original images.

In Table 4.3, we can see a comparison between the models used in this project, in
terms of their number of parameters and Giga Floating Point Operations Per Second
(GFLOPS). The InPainTor model is the lightest, with only 0.52 million parameters and
19.54 GFLOPS. The ENet model, when tuned for 90 classes, has 5.53 million parameters
and 45.02 GFLOPS, while the tuned version for 16 classes has slightly fewer parameters
and GFLOPS. The PEPSI generator has 1.28 million parameters and 39.99 GFLOPS,
while the discriminator is significantly larger, with 37.13 million parameters and 88.19
GFLOPS.
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Figure 4.5: ENet tuned segmentation model for 16 classes validation loss and mloU over 50 epochs.

4.3 Segmentation Analysis

In this Section, we detail the evaluation metrics and results for the segmentation mod-

els.

4.3.1 Evaluation Metrics and Results

The segmentation models were evaluated on the test set of the COCO 2017 dataset, ob-
tained by subdividing the train set in an 80/20 ratio, according to the mIoU, Accuracy,
Precision, Recall and F1 Score metrics. These metrics are obtained for each class mask,
and derived from a confusion matrix. While the individual class evaluation metrics
allow for some analysis on the performance of the model pertaining specific classes,
their mean values are used to evaluate the performance of a model across all classes.
The Accuracy value is not available for individual classes, as it is a global metric. The
inference time was also measured, in Images Per Second (IPS).

The results of the segmentation models are presented in Table 4.4.

The new segmentation models show a significant improvement in performance
when compared to the InPainTor solution. The original ENet model shows an increase
in mlIoU from 3.076% to 5.756% when trained for the 91 classes of the COCO dataset, al-
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Figure 4.6: InPainlTor generative decoder training loss over 10 epochs.

Table 4.3: Model Parameter Analysis

Description Parameters (M) | GFLOPS
InPainTor 0.52 19.54
ENet Original, 91 cls. 0.36 5.50
ENet Tuned, 91 cls. 5.53 45.02
ENet Tuned, 16 cls. 5.48 33.70
PEPSI Generator 1.28 39.99
PEPSI Discriminator 37.13 88.19

though inference times are also increased from 4247.8721 IPS to 456.1780 IPS. The ENet
model that was tuned specifically for the COCO dataset shows an incredibly large in-
crease in performance to 18.678% mloU. The tuned ENet model was able to process
165.6563 IPS, whereas the original ENet model was able to process 456.1780 IPS. While
the ENet models are significantly slower than the InPainTor segmentation decoder, it
is still able to process a large quantity of IPS. The tuned ENet model trained for only
16 classes shows an even larger increase in performance, reaching 25.515% mloU. The

inference times are comparable to the tuned model for 91 classes, resulting in 164.3777
IPS.

4.3.2 Qualitative Analysis

Some qualitative results of the segmentation models are presented and analyzed in this
subsection. We divide this section into two parts: results on the 91 classes and results
on the 16 classes.

Segmentation Results for 91 Classes

Some scenarios can be particularly challenging, particularly due to lighting conditions
and occlusions. In these scenarios, the InPainTor model and the original ENet model
heavily struggle with the segmentation of objects. Figures 4.7, 4.8 and 4.9 show an
example of an image where two persons indoors cover a large area. In front of them is a
table with dishes on top of it. The InPainTor model struggles with correctly identifying
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Table 4.4: Segmentation Models” Evaluation Metrics

Description mloU | Accuracy | Precision | Recall | F1 Score IPS

InPainTor, 91 classes | 3.076% | 36.939% 8.424% 7.715% | 6.876% | 4247.8721
InPainTor, 16 classes | 7.712% | 81.744% | 10.010% | 11.851% | 11.467% | 3960.2812
ENet Original, 91

5.756% | 55.554% 15.908% | 12.922% | 14.970% | 456.1780

classes
ENet Tuned, 91| 1q 7eo. | 50.498% | 25.708% | 43.166% | 29.775% | 165.6563
classes
fg:stes Tuned, 16 | o o150, | 82.183% | 32.681% | 54.777% | 37.807% | 164.3777

the persons, and only some small patches are correctly identified. Some patches of the
table are misclassified as belonging to the person class. The original ENet model is able
to identify a relatively large portion of the persons, but also misclassifies parts of the
table as belonging to the person class. Furthermore, it is not able to identify that there
is a table or dishes in the image. The tuned ENet model for 91 classes is able to correctly
identify most of the persons, as well as part of the table and some dishes. It is not a
perfect segmentation mask, but a significant improvement over the original model.

Segmentation Target (256x256) Output Mask Composite (256x256)
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Figure 4.7: Example of segmentation results from the InPainTor model. Two persons indoors cover a
large portion of the image. A table stands in front of them, with dishes on top. From left to right: original
image, ground truth mask, mask from segmentation model.
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Figure 4.8: Example of segmentation results from the original ENet model. Two persons indoors cover a
large portion of the image. A table stands in front of them, with dishes on top. From left to right: original
image, ground truth mask, mask from segmentation model.
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Figure 4.9: Example of segmentation results from the tuned ENet model. Two persons indoors cover a
large portion of the image. A table stands in front of them, with dishes on top. From left to right: original
image, ground truth mask, mask from segmentation model.

In classes less represented in the training dataset, the InPainTor model and the orig-
inal ENet segmentation model struggle with the identification of objects. Figures 4.10,
4.11 and 4.12 show an example where the original image contains a group of elephants
in a natural setting. The InPainTor model classifies some patches where the elephants
stand as belonging to the person class. This indicates a bias towards the person class, as
it is more prominent in the dataset. The original ENet model is not able to identify any
object in the image. The tuned ENet model for 91 classes does a good job at identifying
the elephants.
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Figure 4.10: Example of segmentation results from the InPainTor model. A group of elephants is present
in a natural setting. From left to right: original image, ground truth mask, mask from segmentation
model.
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Figure 4.11: Example of segmentation results from the original ENet model. A group of elephants is
present in a natural setting. From left to right: original image, ground truth mask, mask from segmen-
tation model.
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Figure 4.12: Example of segmentation results from the tuned ENet model. A group of elephants is
present in a natural setting. From left to right: original image, ground truth mask, mask from segmen-
tation model.

The next example, depicted in Figures 4.13, 4.14 and 4.15, shows another less rep-
resented class: pizza. The InPainTor model is only able to detect a small area of the
border of the pizza on the lower right side of the image. Furthermore, it identifies
some patches of the table cloth as belonging to the person class. The original ENet
model is able to identify some patches of the pizza, while the tuned ENet model for 91
classes correctly segments a large area of the pizza.
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Figure 4.13: Example of segmentation results from the InPainTor model. A pizza is represented. From
left to right: original image, ground truth mask, mask from segmentation model.
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Figure 4.14: Example of segmentation results from the original ENet model. A pizza is represented.
From left to right: original image, ground truth mask, mask from segmentation model.
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Figure 4.15: Example of segmentation results from the tuned ENet model. A pizza is represented. From
left to right: original image, ground truth mask, mask from segmentation model.

When it comes to persons, the models fare better. The person class is one of the most
represented in the COCO dataset. The example in Figures 4.16, 4.17 and 4.18 shows a
person in a suit. The InPainTor model can identify the head and the hand of the person.
The original ENet model is able to identify a larger area of the person, but the mask
is not very consistent. The tuned ENet model does a much better job at segmenting
both the person and the tie. In the lower right area of the image, some patches of the
background are misclassified as belonging to the person class. In the original image,
we can see that the background is very dark, and of a similar color to the suit, which
may have led to this misclassification. The area of the person’s shoulder is also not
fully identified. Overall, the tuned ENet model shows a significant improvement over
the other two models.
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Figure 4.16: Example of segmentation results from the InPainTor model. The image shows a person in
a suit. From left to right: original image, ground truth mask, mask from segmentation model.
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Figure 4.17: Example of segmentation results from the original ENet model. The image shows a person
in a suit. From left to right: original image, ground truth mask, mask from segmentation model.
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Figure 4.18: Example of segmentation results from the tuned ENet model. The image shows a person
in a suit. From left to right: original image, ground truth mask, mask from segmentation model.

Some other larger objects are easier to be segmented by the models. Figures 4.19,
4.20 and 4.21 show a train covering a large area of the original image. The InPainTor
model only identifies a few small patches of the train. The original ENet model is able
to identify a much larger area of the train, although it is not very consistent. The tuned
ENet model for 91 classes correctly segments most of the train, including finer details.
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Figure 4.19: Example of segmentation results from the InPainTor model. A train is represented. From
left to right: original image, ground truth mask, mask from segmentation model.
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Figure 4.20: Example of segmentation results from the original ENet model. A train is represented.
From left to right: original image, ground truth mask, mask from segmentation model.
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Figure 4.21: Example of segmentation results from the tuned ENet model. A train is represented. From
left to right: original image, ground truth mask, mask from segmentation model.

In complex scenarios, we see a repetition of the behaviour seen in other examples.
Figures 4.22, 4.23 and 4.24 show a complex scenario: an airport scene, with multiple
persons, vehicles, two airplanes and other objects. The InPainTor model is only able
to identify some small random patches of the image. The original ENet model is only
able to identify a portion of an airplane. The tuned ENet model correctly segments a
large area of the airplane and vehicles, but it is not able to segment the persons, which
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represent a small area of the image. It also misclassifies a patch at the bottom of the
image. Still, it is a great improvement over the other models. The results can be seen
in Figures 4.22, 4.23 and 4.24.
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Figure 4.22: Example of segmentation results from the InPainTor model. A complex scenario in an
airport, with an airplane, vehicles and some persons. From left to right: original image, ground truth
mask, mask from segmentation model.
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Figure 4.23: Example of segmentation results from the original ENet model. A complex scenario in an
airport, with an airplane, vehicles and some persons. From left to right: original image, ground truth
mask, mask from segmentation model.
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Figure 4.24: Example of segmentation results from the tuned ENet model. A complex scenario in an
airport, with an airplane, vehicles and some persons. From left to right: original image, ground truth
mask, mask from segmentation model.
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Segmentation Results for 16 Classes

The segmentation results for the models trained for 16 classes are presented in this
subsection. The classes selected were the first 16 on the COCO dataset: person, bicycle,
car, motorcycle, airplane, bus, train, truck, boat, traffic light, fire hydrant, stop sign,
parking meter, bench, bird and cat.

In the first example, depicted in Figures 4.25, 4.26, 4.27 and 4.28, we see a 3D gener-
ated image with one person laying in an hospital bed, and another sitting on the edge
of the bed. Here, the person sitting covers a large area of the image. The InPainTor
model for 16 classes is only able to identify some patches of the persons. The InPainTor
model for 91 classes shows a remarkable improvement in performance over the In-
PainTor model for 16 classes, being able to segment most of the persons, although the
mask still lacks several patches. The tuned ENet model for 16 classes is able to cor-
rectly segment most of the person sitting, although the mask is not consistent. Within
the mask, some patches are not classified as belonging to an object. Furthermore, it seg-
ments the person under the bedsheets. As the tuned ENet model for 91 classes is able
to identify other objects in the image, it struggles with identifying the person laying in
the bed.

Segmentation Target (256x256) Output Mask Composite (256x256)

Figure 4.25: Example of segmentation results from the InPainTor model trained for 16 classes. A person
is laying in an hospital bed, and another is sitting on the edge of the bed. From left to right: original
image, ground truth mask, mask from segmentation model.

Figure 4.26: Example of segmentation results from the InPainTor model trained for 91 classes. A person
is laying in an hospital bed, and another is sitting on the edge of the bed. From left to right: original
image, ground truth mask, mask from segmentation model.
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Figure 4.27: Example of segmentation results from the ENet model trained for 16 classes. A person is
laying in an hospital bed, and another is sitting on the edge of the bed. From left to right: original image,
ground truth mask, mask from segmentation model.
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Figure 4.28: Example of segmentation results from the InPainTor model trained for 91 classes. A person
is laying in an hospital bed, and another is sitting on the edge of the bed. From left to right: original
image, ground truth mask, mask from segmentation model.

In the next example, depicted in Figures 4.29, 4.30, 4.31 and 4.32, we see a person
standing behind a large couch. This is a challenging indoors scenario, with a light
source from the window in the back of the room, creating complex shadows and high-
lights. Furthermore, the person represents a small portion of the image. The InPainTor
model for 16 classes is not only able to identify the person and misclassifies a small
patch of the background as belonging to the person class. The InPainTor model for 91
classes shows similar performance, misclassifying several patches of the floor as be-
longing to the person class. The tuned ENet model for 16 classes is able to segment the
face of the person, while the tuned ENet model for 91 classes struggles to identify the
person. However, it can correctly segment the couch.
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Figure 4.29: Example of segmentation results from the InPainTor model trained for 16 classes. A person
is standing behind a large couch. From left to right: original image, ground truth mask, mask from
segmentation model.
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Figure 4.30: Example of segmentation results from the InPainTor model trained for 91 classes. A person
is standing behind a large couch. From left to right: original image, ground truth mask, mask from
segmentation model.
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Figure 4.31: Example of segmentation results from the ENet model trained for 16 classes. A person
is standing behind a large couch. From left to right: original image, ground truth mask, mask from
segmentation model.
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Figure 4.32: Example of segmentation results from the InPainTor model trained for 91 classes. A person
is standing behind a large couch. From left to right: original image, ground truth mask, mask from
segmentation model.

The third example is depicted in Figures 4.33, 4.34, 4.35 and 4.36. The original image
was taken outdoors, and shows a food truck and several people standing around it.
The InPainTor model for 16 classes is only able to identify some patches of the persons,
and misclassifies several patches across the image. The InPainTor model for 91 classes
performs similarly. The tuned ENet model for 16 classes does a stellar job, correctly
segmenting most of the persons, as well as the food truck. The tuned ENet model for
91 classes performs similarly, and identifies the umbrella on the right side of the image.
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Figure 4.33: Example of segmentation results from the InPainTor model trained for 16 classes. A food
truck and several persons standing around it are represented. From left to right: original image, ground
truth mask, mask from segmentation model.
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Figure 4.34: Example of segmentation results from the InPainTor model trained for 91 classes. A food
truck and several persons standing around it are represented. From left to right: original image, ground
truth mask, mask from segmentation model.
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Figure 4.35: Example of segmentation results from the ENet model trained for 16 classes. A food truck
and several persons standing around it are represented. From left to right: original image, ground truth
mask, mask from segmentation model.
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Figure 4.36: Example of segmentation results from the InPainTor model trained for 91 classes. A food
truck and several persons standing around it are represented. From left to right: original image, ground
truth mask, mask from segmentation model.

The fourth example, depicted in Figures 4.37, 4.38, 4.39 and 4.40, shows a less rep-
resented class: airplane. The original image, in black and white, shows an airplane
in midair. The InPainTor model for 16 classes cannot identify the airplane, while the
InPainTor model for 91 classes only recognizes a small patch on the top of the airplane.
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The tuned ENet model for 16 classes is able to segment most of the airplane. The tuned
ENet model for 91 classes performs similarly, identifying a slightly larger area of the
airplane.
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Figure 4.37: Example of segmentation results from the InPainTor model trained for 16 classes. An
airplane in midair is represented. From left to right: original image, ground truth mask, mask from
segmentation model.
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Figure 4.38: Example of segmentation results from the InPainTor model trained for 91 classes. An
airplane in midair is represented. From left to right: original image, ground truth mask, mask from
segmentation model.
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Figure 4.39: Example of segmentation results from the ENet model trained for 16 classes. An airplane
in midair is represented. From left to right: original image, ground truth mask, mask from segmentation
model.
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Figure 4.40: Example of segmentation results from the InPainTor model trained for 91 classes. An
airplane in midair is represented. From left to right: original image, ground truth mask, mask from
segmentation model.

The fifth example, depicted in Figures 4.41, 4.42, 4.43 and 4.44, shows a complex out-
door scenario, with multiple persons playing football and vehicles in the background.
The InPainTor model for 16 classes is only able to identify some small patches of the
persons, while the InPainTor model for 91 classes performs slightly better, identifying a
larger area of the persons. The tuned ENet model for 16 classes performs significantly
better, correctly segmenting most of the persons, as well as the vehicles in the back-
ground. The tuned ENet model for 91 classes identifies the persons somewhat better,

but the vehicles are not as well segmented.

Figure 4.41: Example of segmentation results from the InPainTor model trained for 16 classes. A com-
plex outdoor scenario, with multiple persons playing football and vehicles in the background. From left
to right: original image, ground truth mask, mask from segmentation model.
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Figure 4.42: Example of segmentation results from the InPainTor model trained for 91 classes. A com-
plex outdoor scenario, with multiple persons playing football and vehicles in the background. From left
to right: original image, ground truth mask, mask from segmentation model.
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Figure 4.43: Example of segmentation results from the ENet model trained for 16 classes. A complex
outdoor scenario, with multiple persons playing football and vehicles in the background. From left to
right: original image, ground truth mask, mask from segmentation model.

Figure 4.44: Example of segmentation results from the InPainTor model trained for 91 classes. A com-
plex outdoor scenario, with multiple persons playing football and vehicles in the background. From left
to right: original image, ground truth mask, mask from segmentation model.

The sixth and final example, depicted in Figures 4.45, 4.46, 4.47 and 4.48, shows two
persons eating, covering a large area of the image. The InPainTor model for 16 classes
is only able to identify some patches of the persons, mostly in their faces, while the
InPainTor model for 91 classes identifies more patches of the body of the person the
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left and less patches of the person on the right. The tuned ENet model for 16 classes
segments most of the person on the left, but struggles somewhat with the person on the
right. The tuned ENet model for 91 classes segments the persons better, but is unable
to correctly segment the bottle or the food that the person on the left is holding.
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Figure 4.45: Example of segmentation results from the InPainTor model trained for 16 classes. Two
persons eating are represented. From left to right: original image, ground truth mask, mask from seg-
mentation model.

Figure 4.46: Example of segmentation results from the InPainTor model trained for 91 classes. Two
persons eating are represented. From left to right: original image, ground truth mask, mask from seg-
mentation model.

Figure 4.47: Example of segmentation results from the ENet model trained for 16 classes. Two persons
eating are represented. From left to right: original image, ground truth mask, mask from segmentation
model.
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Figure 4.48: Example of segmentation results from the InPainTor model trained for 91 classes. Two
persons eating are represented. From left to right: original image, ground truth mask, mask from seg-
mentation model.

4.4 Inpainting Analysis

In this section, we detail the evaluation metrics and results for the inpainting models
and variations of the ModInPainTor pipeline.

4.4.1 Evaluation Metrics and Results

The inpainting models were evaluated on the validation set of the RORD dataset, as
well as on the RPVD. The PSNR and SSIM values were obtained for each model after
normalizing the inpainted and ground truth images to a range of [0, 255]. The OpenCV
library provided the functions to calculate these metrics. More details on these metrics
are provided in Section 2.6.

The inference time of each model/pipeline was also measured, in terms of pro-
cessed IPS. This metric is important to understand the efficiency of the models, espe-
cially in real-time applications. For individual models, the inference time was mea-
sured by processing the entire test set and calculating the average time the model took
to process each image. For each batch, only the time taken for the model to process the
input images was recorded. Similarly, for the ModInPainTor pipeline, the total time
taken to process the test set was recorded, and the average time per image was com-
puted. Here, we take into account the time taken for all processing steps, including the
segmentation and inpainting stages, as well as processing tasks between stages. These
processing tasks include the creation of the binary mask for the inpainting model. This
approach ensures that we capture the performance of the entire system, including any
overhead introduced by intermediate processing steps.

As the InPainTor model directly integrates all of its components, we cannot obtain
results for its generative performance alone. However, to obtain the inference times
in Table 4.4, the generative decoder was disabled, and only the shared encoder and
segmentation decoder were used to process the images.
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4.4.2 Results

The InPainTor, ModInPainTor and PEPSI results on the RORD validation set, including
the PSNR and SSIM scores and inference times, can be seen in Table 4.5.

Table 4.5: Pipeline Evaluation Metrics and Inference Times on the RORD Validation Set. The first
row corresponds to InPainlor, the second corresponds to the PEPSI generative model given the RORD
segmentation masks, while the remaining rows pertain to ModInPainTor.

Segmentation Model Gen. Model | PSNR | SSIM IPS
InPainTor InPainTor 22.7545 | 0.7904 | 1164.2352
RORD Segmentation Masks PEPSI 24.7110 | 0.8580 | 39.5727
ENet Tuned 91 cls. PEPSI 22.4046 | 0.8746 | 25.1276
ENet Original 91 cls. PEPSI 20.9737 | 0.8852 | 27.2391

The InPainTor model obtained a PSNR score of 22.7545db and an SSIM of 0.7904
when using the RORD binary masks. It was able to process 1164.2352 IPS in our tests.

The PEPSI model obtained a PSNR score of 24.7110db and an SSIM of 0.8580 when
using the RORD binary masks. As a standalone generative model, it was able to process
39.5727 IPS in our tests.

When combining the segmentation and generative models into ModInPainTor, we
find that with the original ENet model, ModInPainTor yields a PSNR value of 20.9737db,
an SSIM score of 0.8852 and it is able to process 27.2391 IPS. Using the tuned ENet
model shows a significant improvement in object removal performance, increasing the
PSNR value to 22.4046db, although the SSIM score lowers to 0.8746. The inference
times are slightly increased, resulting in 25.1276 IPS.

We provide boxplots to better visualize the distribution of PSNR and SSIM values
for each model/pipeline obtained on the RORD validation dataset in Figures 4.49 and
4.50. These boxplots illustrate the median, quartiles, and potential outliers in the per-
formance metrics, offering a clearer understanding of each model’s consistency and
reliability across the validation dataset. Each value is calculated for each image in the
validation set, and the boxplots summarize these distributions.

InPainTor ModInPainTor: ENet 91 Cls. ModInPainTor: ENet Tuned 91 Cls. RORD Seg. Masks, PEPS| Model
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Figure 4.49: PSNR score distributions on the RORD validation dataset.
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Figure 4.50: SSIM score distributions on the RORD validation dataset.

While the PEPSI model shows the best PSNR score, the ModInPainTor pipeline us-
ing the original ENet model trained for 91 classes shows the best SSIM score. The
ModInPainTor pipeline using the tuned ENet model trained for 16 classes shows a sig-
nificant improvement in the PSNR score, but a slight decrease in SSIM score when
compared to the original ENet model. The InPainTor model shows a slightly higher
PSNR score than the ModInPainTor pipeline using the tuned ENet model trained for
91 classes, but a significantly lower SSIM score.

The ModInPainTor results on the RPVD, including the PSNR and SSIM scores and
inference times, can be seen in Table 4.6.

Table 4.6: ModInPainTor Evaluation Metrics and Inference Times on the RPVD.

Segmentation Model Gen. Model | PSNR | SSIM IPS

ENet Tuned 16 cls. PEPSI 22.0849 | 0.8890 | 23.7919
ENet Tuned 91 cls. PEPSI 22.4599 | 0.8911 | 24.0277
ENet Original 91 cls. PEPSI 20.5973 | 0.8818 | 27.1425

On the RPVD, the ModInPainTor using the ENet tuned model trained for 16 COCO
classes yields a PSNR of 22.0849db and an SSIM of 0.8890, while being able to pro-
cess 23.7919 IPS. With the original ENet model trained for 91 classes, ModInPainTor
yields a PSNR of 20.5973db and an SSIM of 0.8818, processing 27.1425 IPS. The tuned
ENet model trained for 91 classes shows a slight increase in PSNR to 22.4599db and an
increase in SSIM to 0.8911, while being able to process 24.0277 IPS.

We also provide boxplots to better visualize the distribution of PSNR and SSIM
values for the variations of ModInPainTor obtained on the RPVD in Figures 4.51 and
4.52.
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Figure 4.51: PSNR score distributions on the RPVD.
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Figure 4.52: SSIM score distributions on the RPVD.

4.4.3 Qualitative Results

In this section, we provide qualitative results to better illustrate the performance of each
model/pipeline. We divided the results into two parts: results on the RORD validation
dataset, and results on the RPVD.

Results on the RORD Validation Dataset

We provide qualitative results obtained on the RORD validation dataset. We selected
seven examples that illustrate the strengths and weaknesses of each model/pipeline.
The first example contains two persons playing table tennis indoors. This image
particularly showcases the difficulty of accurately reconstructing non-masked regions
by the InPainTor model. The ModInPainTor pipeline, using the tuned ENet models, is
able to achieve better results by providing more accurate segmentation masks. How-
ever, the generative model struggles with inpainting objects where the segmentation
masks do not fully cover them. Furthermore, some distortion is introduced in the tennis
table as the segmentation model incorrectly identifies a patch. The generative model

shows convincing results when given accurate segmentation masks.



4.4. Inpainting Analysis 69

The results obtained by the InPainTor model can be seen in Figure 4.53, while the
results obtained by the ModInPainTor pipeline, using the original ENet model trained
for 91 classes for segmentation, and PEPSI for inpainting, can be seen in Figure 4.54,
and the results obtained using the tuned ENet model can be seen in Figure 4.55. We
also obtained results directly from the PEPSI model, using the ground truth binary
masks from the RORD dataset. These results can be seen in Figure 4.56.

Ground Truth

Figure 4.53: Example of image with two persons playing table tennis indoors. Obtained from InPainTor
on the RORD validation dataset. From left to right: original image, ground truth, segmentation mask,
masked image, inpainted image.
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Figure 4.54: Example of image with two persons playing table tennis indoors. Obtained from ModIn-
PainTor, using the original ENet model trained for 91 classes for segmentation, and PEPSI for inpainting.
From left to right: original image, ground truth, segmentation mask, masked image, inpainted image.
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Figure 4.55: Example of image with two persons playing table tennis indoors. Obtained from ModIn-
PainTor, using the tuned ENet model trained for 91 classes for segmentation, and PEPSI for inpainting.
From left to right: original image, ground truth, segmentation mask, masked image, inpainted image.
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Figure 4.56: Example of image with two persons playing table tennis indoors. Obtained from the PEPSI
generative model, using RORD'’s original binary masks. From left to right: original image, ground truth,
segmentation mask, masked image, inpainted image.
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The next example contains one person standing in an art gallery. The background
is more uniform than in the previous example. The ModInPainTor pipeline using the
tuned ENet model produced good results, with the inpainted image closely resembling
the ground truth, albeit with some artifacts where the segmentation masks failed to
fully cover the person. The InPainTor appears to have blurred the person with the
background colors. In terms of pixel-wise evaluation, the InPainTor model may be
able to match the ModInPainTor results in some cases, but the overall quality is lower,
as evidenced by the SSIM scores.

The results obtained by the InPainTor model can be seen in Figure 4.57, while the
results obtained by the ModInPainTor pipeline, using the original ENet model trained
for 91 classes for segmentation, and PEPSI for inpainting, can be seen in Figure 4.58,
and the results obtained using the tuned ENet model can be seen in Figure 4.59. We
also obtained results directly from the PEPSI model, using the ground truth binary
masks from the RORD dataset. These results can be seen in Figure 4.60.
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Figure 4.57: Example of image with one person standing in an art gallery. Obtained from InPainTor
on the RORD validation dataset. From left to right: original image, ground truth, segmentation mask,
masked image, inpainted image.
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Figure 4.58: Example of image with one person standing in an art gallery. Obtained from ModInPainTor,

using the original ENet model trained for 91 classes for segmentation, and PEPSI for inpainting. From
left to right: original image, ground truth, segmentation mask, masked image, inpainted image.

Input Image

EENE £ ETIENE £
Figure 4.59: Example of image with one person standing in an art gallery. Obtained from ModInPainTor,

using the tuned ENet model trained for 91 classes for segmentation, and PEPSI for inpainting. From
left to right: original image, ground truth, segmentation mask, masked image, inpainted image.
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Input Image

Figure 4.60: Example of image with one person standing in an art gallery. Obtained from the PEPSI
generative model, using RORD’s original binary masks. From left to right: original image, ground truth,
segmentation mask, masked image, inpainted image.

The third example contains two persons playing basketball outdoors. The Mod-
InPainTor pipeline using the tuned ENet segmentation model is able to successfully
remove one person from the image. In the InPainTor example, we can clearly see that
the second person (with the orange shirt) has been blurred, although the segmenta-
tion mask does not cover it. This indicates that the InPainTor model may ignore the
segmentation masks in some cases. Sometimes, this can be beneficial, as it attempts to
remove objects that were not properly segmented. Pixel-wise, the non-identified ob-
jects become more similar to the ground truth image, resulting in a higher PSNR score.
The generative model, given the original RORD binary masks, is able to produce con-
vincing results, closely resembling the ground truth image. Some artifacts are present,
but the overall quality is high.

The results obtained by the InPainTor model can be seen in Figure 4.61, while the
results obtained by the ModInPainTor pipeline, using the original ENet model trained
for 91 classes for segmentation, and PEPSI for inpainting, can be seen in Figure 4.62.
We also obtained results directly from the PEPSI model, using the ground truth binary
masks from the RORD dataset. These results can be seen in Figure 4.64.
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Figure 4.61: Example of image with two persons playing basketball outdoors. Obtained from InPainTor
on the RORD validation dataset. From left to right: original image, ground truth, segmentation mask,
masked image, inpainted image.
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Figure 4.62: Example of image with two persons playing basketball outdoors. Obtained from ModIn-
PainTor, using the original ENet model trained for 91 classes for segmentation, and PEPSI for inpainting.
From left to right: original image, ground truth, segmentation mask, masked image, inpainted image.
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Figure 4.63: Example of image with two persons playing basketball outdoors. Obtained from ModIn-
PainTor, using the tuned ENet model trained for 91 classes for segmentation, and PEPSI for inpainting.
From left to right: original image, ground truth, segmentation mask, masked image, inpainted image.
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Figure 4.64: Example of image with two persons playing basketball outdoors. Obtained from the PEPSI
generative model, using RORD'’s original binary masks. From left to right: original image, ground truth,
segmentation mask, masked image, inpainted image.

The fourth example contains two persons standing in a field of sand and grass in
front of a building. One person stands near the camera, while the other is far away and
therefore represents a small area of the image. The background is more complex than
in the previous examples. Once again, the InPainTor model appears to blur the person
in the foreground with the background colors, while the ModInPainTor pipeline using
the tuned ENet model is able to produce more convincing results. A faint outline of
the person can still be seen in the inpainted image, but the inpainted content resembles
the ground truth image. The generative model, given the original RORD binary masks,
does a stellar job at inpainting the areas covered by the people, closely resembling the
ground truth image. The ENet segmentation models in the ModInPainTor pipeline
were only able to segment the person in front.

The results obtained by the InPainTor model can be seen in Figure 4.65. While the
results obtained by the ModInPainTor pipeline, using the original ENet model trained
for 91 classes for segmentation, and PEPSI for inpainting, can be seen in Figure 4.66,
and the results obtained using the tuned ENet model can be seen in Figure 4.67. We
also obtained results directly from the PEPSI model, using the ground truth binary
masks from the RORD dataset. These results can be seen in Figure 4.68.
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Figure 4.65: Example of image with two persons standing in a field in front of a building. One is
standing near the camera, and the other is far away. Obtained from InPainTor on the RORD validation
dataset. From left to right: original image, ground truth, segmentation mask, masked image, inpainted
image.
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Figure 4.66: Example of image with two persons standing in a field in front of a building. One is
standing near the camera, and the other is far away. Obtained from ModInPainTor, using the original
ENet model trained for 91 classes for segmentation, and PEPSI for inpainting. From left to right: original
image, ground truth, segmentation mask, masked image, inpainted image.
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Figure 4.67: Example of image with two persons standing in a field in front of a building. One is
standing near the camera, and the other is far away. Obtained from ModInPainTor, using the tuned ENet
model trained for 91 classes for segmentation, and PEPSI for inpainting. From left to right: original
image, ground truth, segmentation mask, masked image, inpainted image.
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Figure 4.68: Example of image with two persons standing in a field in front of a building. One is
standing near the camera, and the other is far away. Obtained from the PEPSI generative model, using
RORD’s original binary masks. From left to right: original image, ground truth, segmentation mask,
masked image, inpainted image.

The fourth example contains several vehicles in an underground parking lot. The
vehicles should be removed from the scene. The InPainTor model struggles to both
segment and inpaint the vehicles, resulting in a blurry image where the vehicles are still
clearly present. The tuned ENet segmentation model is able to segment the vehicles
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in the image much more effectively. However, this image is extremely challenging to
inpaint, as the vehicles represent a large portion of the image.The generative model
produces a blurred image where the vehicles present many artifacts.

The results obtained by the InPainTor model can be seen in Figure 4.69. The results
obtained by the ModInPainTor pipeline, using the original ENet model trained for 91
classes for segmentation, and PEPSI for inpainting, can be seen in Figure 4.70. We also
obtained results directly from the PEPSI model, using the ground truth binary masks
from the RORD dataset. These results can be seen in Figure 4.72.
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Figure 4.69: Example of image with several vehicles in an underground parking lot. Obtained from In-
PainTor on the RORD validation dataset. From left to right: original image, ground truth, segmentation
mask, masked image, inpainted image.
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Figure 4.70: Example of image with several vehicles in an underground parking lot. Obtained from
ModInPainTor, using the original ENet model trained for 91 classes for segmentation, and PEPSI for in-
painting. From left to right: original image, ground truth, segmentation mask, masked image, inpainted
image.

Figure 4.71: Example of image with several vehicles in an underground parking lot. Obtained from
ModInPainTor, using the tuned ENet model trained for 91 classes for segmentation, and PEPSI for in-
painting. From left to right: original image, ground truth, segmentation mask, masked image, inpainted
image.



4.4. Inpainting Analysis 75

Input Image

Figure 4.72: Example of image with several vehicles in an underground parking lot. Obtained from
the PEPSI generative model, using RORD'’s original binary masks. From left to right: original image,
ground truth, segmentation mask, masked image, inpainted image.

The fifth example contains a pool table indoors. Here, the balls should be re-
moved from the table. This image reveals the limitations of the segmentation mod-
els on smaller, less prominent objects. The InPainTor model segments several patches
of the image, although the balls are not identified. The InPainTor model goes beyond
the segmentation mask and appears to blur the balls with the table colors, but many
artifacts are introduced in the process. The ModInPainTor pipeline was not able to seg-
ment the balls. The pipeline with the tuned ENet model segmented several patches of
the image, similarly to the InPainTor, but the balls were not segmented. As such, the
inpainted result maintains the balls, but adds some blurriness to other areas of the im-
age which should not have been altered. This may negatively affect the SSIM score, as
the structural similarity is compromised. Pixel-wise, the inpainted areas closely match
the ground truth image and should therefore not significantly affect the PSNR score.
The generative model, given the original RORD binary masks, is able to produce con-
vincing results, closely resembling the ground truth image.

The results obtained by the InPainTor model can be seen in Figure 4.73, while the
results obtained by the ModInPainTor pipeline, using the original ENet model trained
for 91 classes for segmentation, and PEPSI for inpainting, can be seen in Figure 4.74.
We also obtained results directly from the PEPSI model, using the ground truth binary
masks from the RORD dataset. These results can be seen in Figure 4.76.

Input Image

Figure 4.73: Example of image with pool table. Obtained from InPainTor on the RORD validation
dataset. From left to right: original image, ground truth, segmentation mask, masked image, inpainted
image.
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Input Image

Figure 4.74: Example of image with pool table. Obtained from ModInPainTor, using the original ENet
model trained for 91 classes for segmentation, and PEPSI for inpainting. From left to right: original
image, ground truth, segmentation mask, masked image, inpainted image.
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Figure 4.75: Example of image with pool table. Obtained from ModInPainTor, using the tuned ENet
model trained for 91 classes for segmentation, and PEPSI for inpainting. From left to right: original
image, ground truth, segmentation mask, masked image, inpainted image.
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Figure 4.76: Example of image with pool table. Obtained from the PEPSI generative model, using
RORD'’s original binary masks. From left to right: original image, ground truth, segmentation mask,
masked image, inpainted image.

The last example contains one person in a mall. The person is far away from the
camera. This image reveals the limitations of the models when dealing with small ob-
jects, particularly when it comes to segmentation. In this case, the InPainTor model was
able to partially segment the person, resulting in a blurred inpainted image where the
person is still faintly visible. The ModInPainTor pipeline, using the tuned ENet model,
was not able to segment the person at all, and actually identified a large patch of the
escalator, resulting in an inpainted image where the person is still completely unaf-
fected, but the escalator is blurred. This negatively impacts the overall quality of the
inpainting, and the PSNR and SSIM scores. The generative model, given the original
RORD binary masks, is able to completely remove the person, but some blurriness is
introduced in the inpainted area.

The results obtained by the InPainTor model can be seen in Figure 4.77, while the
results obtained by the ModInPainTor pipeline, using the original ENet model trained
for 91 classes for segmentation, and PEPSI for inpainting, can be seen in Figure 4.78,
and the results obtained using the tuned ENet model can be seen in Figure 4.79. We
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also obtained results directly from the PEPSI model, using the ground truth binary
masks from the RORD dataset. These results can be seen in Figure 4.80.
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Figure 4.77: Example of image with one person in a mall. The person is far away. Obtained from In-
PainTor on the RORD validation dataset. From left to right: original image, ground truth, segmentation
mask, masked image, inpainted image.
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Figure 4.78: Example of image with one person in a mall. The person is far away. Obtained from
ModInPainTor, using the original ENet model trained for 91 classes for segmentation, and PEPSI for in-
painting. From left to right: original image, ground truth, segmentation mask, masked image, inpainted
image.

Input Image

Figure 4.79: Example of image with one person in a mall. The person is far away. Obtained from ModlIn-
PainTor, using the tuned ENet model trained for 91 classes for segmentation, and PEPSI for inpainting.
From left to right: original image, ground truth, segmentation mask, masked image, inpainted image.
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Figure 4.80: Example of image with one person in a mall. The person is far away. Obtained from
the PEPSI generative model, using RORD'’s original binary masks. From left to right: original image,
ground truth, segmentation mask, masked image, inpainted image.

Results on the RPVD

We provide qualitative results obtained on the RPVD. We selected some examples that
illustrate the differences between the ModInPainTor pipeline variations regarding the
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segmentation model. These examples were also used in 4.4.3. Here, we compare the
results obtained using the fine-tuned ENet models trained for 16 and 91 classes. The
PEPSI generative model is used for inpainting in all cases.

The first example shows two persons playing table tennis indoors. The ModIn-
PainTor pipeline, using the tuned ENet model for 91 classes, is able to achieve better
results thanks to the more accurate segmentation masks. While the tuned ENet model
for 91 classes segments most of the person on the front, the model for 16 classes only
identifies the person’s upper body. However, both models failed to segment the person
in the back. The generative model shows convincing results in inpainting the person in
the foreground given the accurate segmentation mask from the 91 classes segmentation
model. The results can be seen in Figures 4.81 and 4.82.
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Figure 4.81: Example of image with two persons playing table tennis indoors. Obtained from ModlIn-
PainTor, using the tuned ENet model trained for 91 classes for segmentation, and PEPSI for inpainting.
From left to right: original image, segmentation mask, masked image, inpainted image.

Figure 4.82: Example of image with two persons playing table tennis indoors. Obtained from ModIn-
PainTor, using the tuned ENet model trained for 16 classes for segmentation, and PEPSI for inpainting.
From left to right: original image, segmentation mask, masked image, inpainted image.

The second example shows two persons playing basketball outdoors. Both segmen-
tation models were able to segment the person in the foreground, but neither model
correctly segmented the person in the back. Furthermore, the tuned ENet model for 91
classes produced a more accurate segmentation mask for the person in the foreground
compared to the model for 16 classes. The generative model was able to produce con-
vincing results inpainting the area covered by the person in the foreground, given the
accurate segmentation mask from the 91 classes segmentation model. The results can
be seen in Figures 4.83 and 4.84.
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Figure 4.83: Example of image with two persons playing basketball outdoors. Obtained from ModIn-
PainTor, using the tuned ENet model trained for 91 classes for segmentation, and PEPSI for inpainting.
From left to right: original image, segmentation mask, masked image, inpainted image.

Figure 4.84: Example of image with two persons playing basketball outdoors. Obtained from ModIn-
PainTor, using the tuned ENet model trained for 16 classes for segmentation, and PEPSI for inpainting.
From left to right: original image, segmentation mask, masked image, inpainted image.

The third example shows two persons standing in a field in front of a building. One
is standing near the camera, and the other is far away. The tuned ENet model for 91
classes was able to segment the person in the foreground slightly better than the model
for 16 classes, but both models could have performed better. Neither model was able
to segment the person in the back. The generative model was unable to fully inpaint
the area covered by the person in the foreground, given the segmentation masks from
both models. The results can be seen in Figures 4.85 and 4.86.

Figure 4.85: Example of image with two persons standing in a field in front of a building. One is
standing near the camera, and the other is far away. Obtained from ModInPainTor, using the tuned ENet
model trained for 91 classes for segmentation, and PEPSI for inpainting. From left to right: original
image, segmentation mask, masked image, inpainted image.
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Figure 4.86: Example of image with two persons standing in a field in front of a building. One is
standing near the camera, and the other is far away. Obtained from ModInPainTor, using the tuned ENet
model trained for 16 classes for segmentation, and PEPSI for inpainting. From left to right: original
image, segmentation mask, masked image, inpainted image.

The fourth example shows one person loading a small pickup truck. The tuned
ENet model for 91 classes was only able to segment part of the person, while the model
for 16 classes was unable to segment anything. The generative model was unable to in-
paint the area covered by the person, given the segmentation masks from both models.
The result on the 91 classes segmentation model shows some blurring in the area where
the person was located. The results can be seen in Figures 4.87 and 4.88.

Figure 4.87: Example of image with one person loading a small pickup truck. Obtained from ModIn-
PainTor, using the tuned ENet model trained for 91 classes for segmentation, and PEPSI for inpainting.
From left to right: original image, segmentation mask, masked image, inpainted image.

Figure 4.88: Example of image with one person loading a small pickup truck. Obtained from ModIn-
PainTor, using the tuned ENet model trained for 16 classes for segmentation, and PEPSI for inpainting.
From left to right: original image, segmentation mask, masked image, inpainted image.

In the fifth and final example, we have one person walking near some benches un-
der a wooden structure. The background is very challenging, as the person blocks a
wooden post, some benches, and greenery. The tuned ENet model for 91 classes was
able to segment a large area of the person, but missed a leg and a foot. The model for
16 classes segmented a significantly smaller area of the person. The generative model
struggled to inpaint the area covered by the person, given the segmentation masks
from both models. Both results show significant blurring in the segmented areas. The
results can be seen in Figures 4.89 and 4.90.
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Figure 4.89: Example of image with one person walking near some benches under a wooden structure.
Obtained from ModInPainTor, using the tuned ENet model trained for 91 classes for segmentation, and
PEPSI for inpainting. From left to right: original image, segmentation mask, masked image, inpainted
image.
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Figure 4.90: Example of image with one person walking near some benches under a wooden structure.
Obtained from ModInPainTor, using the tuned ENet model trained for 16 classes for segmentation, and
PEPSI for inpainting. From left to right: original image, segmentation mask, masked image, inpainted
image.

4,5 Discussion

The results presented in this chapter demonstrate the effectiveness of the ModInPainTor
pipeline in improving object removal performance compared to the InPainTor model.
The quantitative metrics, specifically SSIM, indicate that the ModInPainTor pipeline
achieves superior structural similarity to the ground truth images (ModInPainTor ob-
tained SSIM scores above 0.87, while InPainTor scored below 0.80). This suggests that
the ModInPainTor pipeline is more effective at preserving the overall structure and
context of the images during the inpainting process.

The segmentation models based on ENet (Paszke et al., 2016) showed a marked
improvement in performance over the InPainTor segmentation decoder. The tuned
models achieved a substantially improved mloU when compared to both the original
ENet model (a difference of 12.922%, or nearly 2.25x for the 91 classes models) and
the InPainTor segmentation decoder (a difference of 15.602%, or over 5x improvement
for the 91 class models), resulting qualitatively in much more consistent and accurate
segmentation masks. This improvement in segmentation accuracy is crucial for the
subsequent inpainting process, as it directly affects the quality of the masks used for
object removal. The segmentation results for the tuned ENet models, particularly the
one trained for 16 classes, were notably better at accurately identifying and segmenting
objects in the images, leading to more precise masks for the inpainting stage.

The inpainting results further highlight the benefits of using the ModInPainTor
pipeline. The PEPSI model (M.-c. Sagong et al., 2019), when provided with accurate
segmentation masks from the tuned ENet models, produced higher-quality inpainted
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images that more closely resemble the ground truth, when compared to the InPainTor
model. The quantitative metrics show that the ModInPainTor pipeline significantly im-
proves the SSIM score (from 0.79 to 0.87), indicating better structural similarity to the
original images. However, the PSNR values were slightly lower than those obtained
by the InPainTor model (22.4db vs. 22.75db), which may be attributed to the nature
of the segmentation masks and the inpainting process. The qualitative results sup-
port these findings, with the ModInPainTor pipeline producing visually appealing in-
painted images with fewer artifacts and better integration into the surrounding context.
While the InPainTor model struggles with artifacts and unrealistic inpainted areas, the
ModInPainTor pipeline, particularly when using the tuned ENet model for 91 classes,
demonstrates a more coherent and natural appearance in the inpainted regions. This
confirms the improvement of the SSIM scores when compared to the InPainTor model.
The slight decrease in PSNR can be explained by the presence of minor artifacts in some
inpainted images, which may not significantly affect the overall structural similarity
but can impact pixel-wise accuracy. The InPainTor model often produced blurred in-
painted areas, which, while reducing pixel-wise errors, did not contribute to a realistic
appearance.

Furthermore, the InPainTor model exhibited difficulties in reconstructing the non-
masked regions of the image, leading to artifacts and distortions in the areas where no
objects were removed. In contrast, the ModInPainTor pipeline maintained the integrity
of the non-masked regions, resulting in a more consistent and visually pleasing output.
This may be attributed to the fact that the InPainTor’s generative decoder was trained
on the masks generated by its own segmentation decoder, which were of lower quality
than those produced by the tuned ENet models. This discrepancy likely led to the gen-
erative decoder struggling to accurately reconstruct the non-masked areas, as it was
not exposed to high-quality masks during training. In some cases, we can clearly iden-
tify that the generative decoder of InPainTor attempted to inpaint areas that were not
masked. In some cases, this can be beneficial, as it can compensate for inaccuracies in
the segmentation mask. However, in most cases, this leads to artifacts and distortions
in the non-masked areas of the image, which detracts from the overall quality of the
inpainted image. As the PEPSI model was trained directly on the binary masks pro-
vided by the RORD dataset, it is able to effectively inpaint the masked areas without
affecting the non-masked regions, leading to a more coherent and visually appealing
result.

The inference times of the ModInPainTor pipeline were significantly higher than
those of the InPainTor model (InPainTor was able to process 1164 IPS, while ModIn-
PainTor could not process more than 27 IPS), primarily due to the additional complex-
ity of each of the models. In the segmentation analysis, we can observe that the tuned
ENet models require more computational resources than the original ENet model (45.02
GFLOPS vs. 5.5 GFLOPS), but processing times remained similar (14.1 IPS vs. 13.5
IPS). The PEPSI generative model is much heavier computationally than the InPainTor
model (estimated at 85 GFLOPS with the tuned ENet segmentation model, vs. 20
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GFLOPS). The ModInPainTor pipeline, while slower than the InPainTor model, still
achieved reasonable processing speeds, making it suitable for practical applications
where real-time performance is not a strict requirement (25 IPS vs. 1164 IPS). The
trade-off between speed and quality is evident, with the ModInPainTor pipeline priori-
tizing higher-quality results at the expense of increased inference times. Furthermore,
as hardware continues to advance, the computational demands of the ModInPainTor
pipeline may become less of a concern, making it a more viable option for a wider range
of applications.

4.6 Future Directions

The ModInPainTor pipeline demonstrates a significant advancement in object removal
capabilities, particularly in terms of structural similarity and visual quality. The inte-
gration of high-quality segmentation models and a robust generative inpainting model
has proven effective in addressing the limitations of the InPainTor model. However,
there are several areas for future research and improvement:

e Segmentation Model: Improving the segmentation model’s accuracy is crucial
for achieving better inpainting results, as per our findings. The generative model
relies heavily on the quality of the segmentation masks. Exploring more ad-
vanced segmentation architectures, such as DeepLabV3+ (L.-C. Chenetal., 2018),
could result in more precise object boundaries and improved mask quality, thus
significantly improving inpainting quality.

e Generative Model: The PEPSI model (M.-c. Sagong et al., 2019) we used for our
experiments shows promising results, but there are situations where it struggles
to produce realistic results, especially when large areas need to be inpainted. This
is a common issue with GAN-based models. While diffusion-based models are
generally more computationally intensive, and more prone to hallucination, they
have shown superior performance in generating high-quality images in complex
scenarios. Exploring diffusion-based inpainting models could lead to significant
improvements in the realism and coherence of the inpainted areas. The ModIn-
PainTor architecture, given its modularity, would allow for the easy integration
of such models.

e Data Augmentation: Implementing advanced data augmentation techniques dur-
ing training could enhance the robustness and generalization capabilities of both
the segmentation and inpainting models. Techniques such as random cropping,
rotation, color jittering and noise injection could help the models better handle
diverse scenarios and improve their performance on unseen data.

e Evaluation Metrics: Exploring additional evaluation metrics that capture per-
ceptual quality and user satisfaction could provide a more comprehensive as-
sessment of inpainting performance. In our tests, there were instances where the
PSNR and SSIM metrics evolved inversely.Metrics such as LPIPS or user studies
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could offer a better perspective into the effectiveness of the models.



Conclusions

This project report presented a comprehensive study on the application of DL tech-
niques for object removal in images.

Throughout the research, we followed the DSR methodology (Hevner et al., 2004;
Peffers et al., 2007), which guided us through the process of identifying the problem,
designing and developing a solution, demonstrating its utility, and evaluating its per-
formance.

We evaluated the InPainTor model, which served as a benchmark for our proposed
solution, ModInPainTor. ModInPainTor is a modular pipeline that allows the combi-
nation of different segmentation and inpainting models to achieve high-quality object
removal in images.

For ModInPainTor, we selected the ENet model (Paszke et al., 2016) for segmenta-
tion and the PEPSI model (M.-c. Sagong et al., 2019) for inpainting. ENet is a segmenta-
tion architecture for real-time image segmentation, while PEPSI is a GAN-based gener-
ative model designed for high-quality image inpainting. Both models were trained and
fine-tuned on relevant datasets (COCO (Caesar et al., 2018) for segmentation, RORD
(M.-C. Sagong et al., 2022) for inpainting) to optimize their performance for the object
removal task. The ENet model was fine-tuned using Optuna optimize its hyperparam-
eters. The PEPSI model was trained using the same hyperparameters as the original
authors, as they had already been optimized for the task.

Thanks to fine-tuning the ENet model, we achieved a significant improvement (5x)
in segmentation mloU compared to the original model used in InPainTor. The PEPSI
model also demonstrated strong performance in inpainting tasks, producing high-
quality results. The segmentation models were evaluated qualitatively using the mIoU,
Accuracy, Precision, Recall and F1 Score metrics, while the inpainting model was eval-
uated using PSNR and SSIM.

We developed a new dataset, RPVD, based on RORD, to evaluate the anonymiza-
tion capabilities of the ModInPainTor pipeline. The dataset was created by synthesizing
new ground truth images for the RORD dataset, where only the person class was re-

moved. This dataset allowed us to assess the performance of the pipeline in removing
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people from images, which is a common requirement for anonymization tasks.

We compared the performance of segmentation models trained for different num-
bers of classes. We found that training a segmentation model for fewer classes (16
classes in COCO) led to improved segmentation metrics, but did not significantly en-
hance the overall inpainting quality. In the ModInPainTor pipeline, the ENet model
trained for all 91 classes in COCO produced slightly better inpainting results on the
RPVD when compared to the ENet model trained for 16 classes, as measured by PSNR
(22.0849db vs. 22.4599db)and SSIM (0.8890 vs. 0.8911), compared to the model trained
for 16 classes.

On the RORD dataset, the ModInPainTor pipeline achieved a PSNR of 22.4db and
a SSIM of 0.87, while the InPainTor model achieved a PSNR of 22.75db and a SSIM of
0.79. These results indicate that ModInPainTor produces images with better structural
similarity to the original images, while InPainTor achieves slightly higher pixel-wise ac-
curacy. Qualitatively, ModInPainTor produced more visually appealing results, with
fewer artifacts and better integration into the surrounding context. Improving the seg-
mentation accuracy would likely lead to even better inpainting results, as the quality
of the segmentation masks directly affects the performance of the inpainting model.
To prove this claim, we tested ModInPainTor with ground truth segmentation masks,
achieving a PSNR of 24.7db and a SSIM of 0.86. While the SSIM value was slightly lower
than that achieved with the ENet segmentation model, the PSNR value was signifi-
cantly higher. Our qualitative analysis also confirmed that using ground truth masks
led to more realistic and coherent inpainted images.

Additionally, we measured the inference time of each model and the entire pipeline.
The new models were able to process images at a reasonable speed (over 25 IPS), mak-
ing them suitable for practical applications. Despite being significantly slower than
InPainTor (over 1100 IPS), the new pipeline still achieved a processing rate which is
acceptable for many real-time applications, such as anonymization tasks in industrial
settings. As hardware continues to improve, the additional computational require-
ments of ModInPainTor may become less of a concern.

In conclusion, this project demonstrated that by using a more accurate segmenta-
tion model and a more advanced inpainting architecture, it is possible to significantly
improve the performance of object removal in images. Our results show a significant
leap in the quality of the inpainted images when compared to the original InPainTor
model, if provided with accurate segmentation masks. Despite the improvements on
the segmentation model, its limitations still affect the overall performance. As our
ModInPainTor pipeline is modular, it will allow for easy integration of more robust seg-
mentation and inpainting models in the future. As it stands, ModInPainTor is a viable
solution for object removal in images, particularly in scenarios where anonymization
quality is prioritized over computational efficiency.

We propose that future work explores further improvements in segmentation ac-
curacy, either by using more advanced models or by incorporating additional training
data. Additionally, exploring other inpainting architectures, such as ones based on
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diffusion techniques, may lead to even better results. Finally, optimizing the inference
time of the models could make them even more suitable for real-time applications,

especially when using hardware with less computational power.
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