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Abstract 

Image inpainting and object detection are two well-established research areas with significant real-world applications in 

computer vision, digital forensics, media editing, and augmented reality. Image inpainting is a technique used to restore missing, 

distorted, or removed sections of an image, often to recreate its original appearance. It can also be applied to remove objects from 

an image while reconstructing the background in a visually coherent manner. Traditional inpainting methods relied on manual 

editing or simple interpolation techniques, whereas modern deep learning-based approaches utilize convolutional neural 

networks (CNNs) and generative adversarial networks (GANs) to achieve realistic results. Object detection, on the other hand, 

involves identifying and localizing specific objects, such as people, buildings, or vehicles, within digital images and videos. This 

paper presents a system that integrates object detection with image inpainting to automate object removal and image restoration. 

By detecting an object and applying advanced inpainting techniques, the system seamlessly reconstructs the image without 

noticeable artifacts. The proposed approach has broad applications in image editing, surveillance, content moderation, and 

privacy protection, providing an effective and automated solution for object removal and background restoration. 
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1. Introduction 

Inspired by the applications of deep learning in the field of 

media manipulation, the goal of this research is to build a 

system that can detect an object and reconstruct the image 

without that object in it while retaining its surrounding envi-

ronment. Our main innovation is to combine and attempt to 

advance two existing technologies - Object Detection and 

Image Holes Inpainting. There are several possible extensions 

to the application in question; for example, video inpainting. 

These applications also intersect with broader questions of 

human adjudication and AI-assisted decision- making [14]. 

The primary motivation behind implementing this deep 

learning system is to augment an understanding of convolu-

tional neural networks to advance the present state-of-the-art 

in an up- and-coming application of photo-manipulation. Our 

objective is to develop the model for image inpainting, and to 

combine this with the object detection technique, as eluci-

dated in this paper. In some sense, our work is a 

re-implementation of Nvidia’s paper on “Image Inpainting 

with Partial Convolutions” [1], and we extend this by adding 

object detection to it. An example of the application of 

NVIDIA’s technique to an image is shown in Figure 1. We 

use a Region-based Convolutional Neural Network (R-CNN) 
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to mask out identified objects in an image, and the concept of 

Partial Convolutions applied to a modified U-Net model to 

manipulate those sections of the image. 

As described in the following sections, the mask R-CNN for 

image-masking has been implemented, and the custom layers 

and the loss function have been developed for image inpainting. 

Besides the goal of building a system to detect and reconstruct 

objects in images, the final product will also incorporate ex-

tensions such as the ability to replace an existing object in an 

image belonging to a particular class with a specified object 

from a different class. We also plan to work on extending 

U-Paint to include additional features and address other related 

applications. These extensions to our work are expounded in 

the penultimate section of the paper. 

The following account details the model in use. A brief 

discussion about the related literature is followed by an ex-

planation about the experiments conducted and an analysis of 

the results. The final section provides a conclusion to our 

work along with a summary of the key learning from this 

exercise. 

  
(a) Original Image            (b) Inpainted Image 

Figure 1. An example of NVIDIA’s Image Inpainting application [1]. 

Subfigure (a) is the original image. After masking out the people in 

the background, the area covered by the mask in the image is 

inpainted and the result is seen in subfigure (b). 

2. Related Work 

Notable progress has been made in the field of image 

inpainting over the last two decades. Early implementations 

include diffusion-based and patched-based methods, of 

which the latter arguably produced the best results. In Sun et 

al. [2], structure propagation along user specified curves is 

used for image inpainting. This is followed by a patch-based 

texture synthesis to fill the remaining portion of the region to 

be inpainted. If only a single curve is specified, dynamic 

programming is used for structure propagation, whereas the 

Belief Propagation algorithm [3] is used when more curves 

are available. The limitation of the system is that in order for it 

to capture enough surrounding information to inpaint the 

desired region, the user needs to specify curves that extend 

from the region to be inpainted to the region outside. Another 

significant patch-based system is PatchMatch [4] which uses a 

fast, randomized algorithm approach to optimally find ap-

proximate nearest neighbor matches between image patches. 

However, these systems are not sensitive to the semantics of 

an image and are too slow for real-time applications. Related 

work on learning semantic face attributes underscores the 

value of semantic priors in visual tasks [13]. 

Deep Learning approaches have been implemented to deal 

with these problems. Kohler et al. [5] uses Multi-Layer Per-

ceptrons (MLP) to learn a mapping between corrupted image 

patches with missing pixels and their corresponding complete 

image patches. This approach shows that the shape of the 

missing region or “hole” provides valuable information for 

the inpainting process. During training the input features de-

pend on the shape of the hole or masks. This idea is extended 

to Blind inpainting in which the exact shape and size of the 

hole is not known. However, this system only works well with 

small holes. In the case of larger holes, it tends to produce 

blurry images which could be due to the limited number of 

pixels that the nonlinear filter, learnt by the MLP, can extend. 

Yeh et al. [6] was able to achieve substantial results in image 

inpainting even when the holes are large. Given a Generative 

Adversarial Network (GAN) trained on real images, the 

closest representation to the input image with a hole, is 

found in the latent image manifold by iteratively updating 

the given image’s representation. This is then used by the 

GAN to fill in the hole. It is evident that this approach relies 

heavily on the quality of the GAN and how it is trained. 

Ulyanov et al. [7] shows that the structure of a generative 

network captures a sufficient level of detail of the images, 

such that image inpainting can be done without any prior 

learning. 

These approaches use standard convolutions which are 

conditioned on both the pixels in the known region as well as 

the values in the masked hole region. This can lead to 

undesirable features in the inpainted images. To overcome 

this issue Liu [1] uses partial convolutions that are condi-

tioned only on the pixels in the known region. This approach 

for image inpainting minimizes the need of post-processing 

substantially. 

3. Datasets Used 

The following datasets have been used in our implemen-

tation. Places2 and the mask dataset were used to train the 

inpainting network, while the COCO dataset was used for 

the RCNN. 

1) Places2 Dataset: Convolutional neural networks (CNNs) 

trained on the Places2 Database can be used for scene 

recognition as well as generic deep scene features for 

visual recognition [12]. 

2) Mask Dataset: This is NVIDIA’s public train dataset 

used in Image Inpainting for Irregular Holes Using Par-

tial Convolutions [1]. 
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3) COCO Dataset: COCO is a large-scale object detection, 

segmentation, and captioning dataset [11]. 

Figure 2 displays some statistics about these datasets. The 

MIT Places Dataset is used for input images to train the image 

inpainting network. For the model to be able to successfully 

inpaint irregular hole patterns we need images with randomly 

positioned holes (or masks) having arbitrary shapes. These 

masks can be manually generated using advanced geometric 

formulas, but we decided to use NVIDIA’s Irregular Mask 

Dataset which contains 55,116 masks for training and 24,866 

masks for testing [1], in order to save time. The COCO dataset 

is used to train the Mask- RCNN. 

 
Figure 2. Dataset statistics. 

4. Deep Learning Architecture 

This section describes the architecture of the model, the application it addresses, the salient features of the implementation and 

the key challenges. 

4.1. Architecture 

We decided to use a pix2pix network for this work, like the one used in the publication by Nvidia - “Image inpainting with 

partial convolutions” (Liu, G. et al.) [1]. It uses a U-Net generic architecture like the one below. We replace every instance of 

a convolutional layer with a partial convolution. Equation (1) is used in partial convolutions. 

 

Credit: CVG Freiburg 

Figure 3. U-Net architecture (example for 32 x 32 pixels in the lowest resolution). Each blue box corresponds to a multi-channel feature map. 

The number of channels is denoted on top of the box. The x-y-size is provided at the lower left edge of the box. White boxes represent copied 

feature maps. The arrows denote the different operations [8]. 

The convolution operation involves scanning the entire 

image using kernels to extract features. In the context of 

image inpainting, the network must be capable of extracting 

features from the entire image except the region covered by 
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the mask. Hence, the desired operation is one which performs 

the functionality of the convolution operation but is also more 

selective in the regions from where it extracts features. Due to 

this reason, convolutional layers are replaced by partial con-

volution layers. 

x′ = {
W𝑇(𝑋 ⊙ 𝑀)

𝑠𝑢𝑚(1)

𝑠𝑢𝑚(𝑀)
+ 𝑏 if sum(M)  >  0

0 ,                                      otherwise
                        (1) 

4.2. Application 

The network receives an image and a mask as input, and 

outputs a reconstructed image in an undetectable manner. 

There are a total of 80 object categories to consider and the 

images are relatively large - which has an impact on the 

training speed of the network. However, the whole image is 

used as input to the network. The mask is interpreted as the 

region of the image that needs to be removed and inpainted. 

We have decided to process the input as one RGBA image, 

which means the mask is added as a 4th channel to the image, 

and represents the “transparency” but can only take values of 

1 or 0 (visible or hidden). If the network works properly, the 

mask should be all ones in the output. 

 

4.2.1. Mask R-CNN 

A typical CNN can only tell you the class of the objects but 

not where they are located, but a Region-based-CNN (R-CNN) 

is capable of detecting the exact location of the objects as well. 

Mask R-CNN is one of the most popular frameworks for 

performing instance segmentation. It extends the Faster- 

R-CNN framework by adding a branch to detect the object 

mask in parallel. We use the Mask R-CNN to detect the masks 

for different objects in the image and then this image is fed 

into the partial convolutional U-Net along with the mask. 

4.2.2. U-Net Architecture 

U-Net was first introduced by Ronneberger et. al. [8], when 

it showed outstanding results for biomedical image segmen-

tation. Since then, it has become a very popular architecture 

for image. 

 
Figure 4. Lock diagram of the Attention U-Net segmentation model, proposed by Oktay et. al [15]. 

segmentation and image to image synthesis. Figure 3 

shows the architecture, where a single down-sample layer 

includes going through a series of two “same” convolutions 

followed by a max pooling layer. The U-Net architecture has 

several down-sampling layers where the number of channels 

is doubled after each one. The layer that comes next is a bot-

tle-neck layer, followed by a series of up-sampling layers. 

Every up-sampling layer has an incoming skip connection 

from the corresponding down-sampling layer. The output of 

the previous layer and the incoming output from the skip 

connections are concatenated and up sampled using a 

transposed convolution layer. 

The architecture used is particularly unique because of the 

following reasons- 

1) While down sampling the image and mask to encode the 

important features, partial convolutional layers are used 

instead of standard convolutions. 

2) The mask is added as a separate channel to the input 

image and hence the network learns to extract features 

accordingly. 

3) The skip connections are applied to both the images and 

the masks to transfer the features extracted from the 
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down-sampling to the up-sampling layers. 

4.2.3. Modifying U-Net with Attention 

As attention mechanisms started getting popular in the deep 

learning community, attention U-net was introduced by Oktay 

et. al. [15] to perform image segmentation. It performed better 

than the regular U-Net. The main idea is to pay attention to 

the important features in the skip connections and to forget 

the ones that are not required for segmentation. The type of 

attention used is gated attention and the architecture is shown 

in Figure 4. 

4.2.4. Partial Convolutions 

In our implementation, we use the attention U-net ar-

chitecture, but we use partial convolutions instead of regular 

convolutions. The input to our network is the image along 

with a mask. The mask represents the part of the image that 

needs to be inpainted. Hence the attention is only applied to 

the features extracted from the image. This is done because it 

does not make sense to apply attention to the mask. 

5. Experiments and Results 

Several experiments have been conducted, and various 

strategies attempted. This section throws light on the most 

notable developments and accomplished work. 

5.1. Mask and Partial Convolution 

The first step in this research was to modify the convolu-

tional layers in the network by partial convolutions. This is 

more challenging than it looks, as it also requires modifying 

the behavior of skip connections, and the way the network 

processes input in both the encoding and decoding parts. We 

have extended the parent class Layer in TensorFlow to create 

the Partial Convolution Layer from scratch. 

5.2. Loss Implementation 

𝐿ℎ𝑜𝑙𝑒 =
1

𝑁𝐼𝑔𝑡

‖(1 − 𝑀) ⊙ (𝐼𝑜𝑢𝑡 − 𝐼𝑔𝑡)‖
1
                                 (2) 

𝐿𝑣𝑎𝑙𝑖𝑑 =
1

𝑁𝐼𝑔𝑡

‖𝑁 ⊙ (𝐼𝑜𝑢𝑡 − 𝐼𝑔𝑡)‖
1
                                    (3) 

𝐿𝑝𝑒𝑟𝑐𝑒𝑝𝑡𝑢𝑎𝑙 = ∑
‖𝜓

𝑝
𝐼𝑜𝑢𝑡−𝜓

𝑝

𝐼𝑔𝑡
‖

1

𝑁𝜓
𝑝𝐼𝑔𝑡

𝑃−1
𝑝=0 + ∑

‖𝜓
𝑝

𝐼𝑐𝑜𝑚𝑝
−𝜓

𝑝

𝐼𝑔𝑡
‖

1

𝑁𝜓
𝑝𝐼𝑔𝑡

𝑃−1
𝑝=0

                              (4) 

𝐿𝑠𝑡𝑦𝑙𝑒𝑜𝑢𝑡
= ∑

1

𝐶𝑝𝐶𝑝

𝑃−1
𝑝=0 ‖𝐾𝑝 ((𝜓

𝑝
𝐼𝑜𝑢𝑡)

𝑇

(𝜓
𝑝
𝐼𝑜𝑢𝑡)) − ((𝜓

𝑝
𝐼𝑔𝑡)

𝑇

(𝜓
𝑝
𝐼𝑔𝑡))‖

1

                      (5) 

𝐿𝑠𝑡𝑦𝑙𝑒𝑐𝑜𝑚𝑝
= ∑

1

𝐶𝑝𝐶𝑝

𝑃−1
𝑝=0 ‖𝐾𝑝 ((𝜓

𝑝
𝐼𝑐𝑜𝑚𝑝)

𝑇

(𝜓
𝑝
𝐼𝑐𝑜𝑚𝑝)) − ((𝜓

𝑝
𝐼𝑔𝑡)

𝑇

(𝜓
𝑝
𝐼𝑔𝑡))‖

1

                      (6) 

𝐿𝑡𝑣 = ∑
‖𝐼𝑐𝑜𝑚𝑝

𝑖,𝑗+1
−𝐼𝑐𝑜𝑚𝑝

𝑖,𝑗
‖

1

𝑁𝐼𝑐𝑜𝑚𝑝
(𝑖,𝑗)∈𝑅,(𝑖,𝑗+1)∈𝑅 + ∑

‖𝐼𝑐𝑜𝑚𝑝
𝑖+1,𝑗

−𝐼𝑐𝑜𝑚𝑝
𝑖,𝑗

‖
1

𝑁𝐼𝑐𝑜𝑚𝑝
(𝑖,𝑗)∈𝑅,(𝑖+1,𝑗)∈𝑅

                         (7) 

We have implemented all the losses described in the paper as 

custom loss classes in Tensorflow. There are 6 different kinds 

of losses implemented which are worth mentioning: 

1) Per Pixel Loss for the hidden part of the image (the hole) 

- mean squared error loss (MSE) (Equation (2)) 

2) Per Pixel Loss for the visible part of the image - MSE 

(Equation (3)) 

3) Perceptual Loss which is an L1 distance in a higher di-

mensional space, generated after passing the images 

through a VGG16 to extract the features. This loss im-

proves the smoothness and realism of the output. 

(Equation (4)) 

4) Two Style Losses for the output image and the comp 

image. The comp image is the output image where all 

the pixels that were not hidden in the input image are 

set to their original value in post processing (while they 

may not be in the output image). These style losses are 

very similar to the one in the original style transfer 

paper (“A neural algorithm for artistic style” by LA 

Gatys), which include a Gram matrix transformation 

before computing the loss. (Equation (5)) 

5) A Smoothing Loss called the total variation loss, which 
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expands the hole by one pixel on each side before 

computing a per pixel difference with the comp (not the 

image image, see 4). (Equation (6)) 

6) The final loss is a weighted average of the first five losses 

(the two style losses are grouped together). (Equation (7)) 

5.3. Object Detection 

The eventual goal of our experiment is to select a detected 

object in an image and remove the object in an undetectable 

manner. There are two important steps which must be taken to 

accomplish this - 

1. Detect an object in an image 2. Find the mask for that 

object 

This mask will serve as the “hole” that is fed into the net-

work along with the image. To do this, we have used a Mask 

R-CNN [9, 10] model trained on the MS COCO dataset [11]. 

Mask R-CNN is a popular model that performs instance 

segmentation. There are three outputs for each candidate 

object - 1. Class Label, 2. Bounding Box, 3. Object Mask, as 

show in Figure 5. This object mask will be used as the “hole” 

along with the original image for the image inpainting net-

work. 

  

(a) Original Image                       (b) Generated boxes 

Figure 5. R-CNN output example [16]. 

5.4. Results 

We tried running our system on various images. We have 

included some of the results along with their respective masks 

in Appendix A. 

5.5. Challenges 

Although we managed to implement all the different parts 

of the model, we could not sufficiently train it. We expect the 

model to need at least 10 days of training and 1 or 2 days of 

fine tuning to achieve results similar in quality to the Nvidia 

publication. 

Rather than just waiting for the model to train, we decided 

to use pre-trained weights and feed them into our model. This 

way, we were able to test the whole pipeline and see if our 

original idea of combining inpainting with R-CNN was 

credible. 

6. Conclusion 

Image inpainting with deep learning can reduce post pro-

cessing expenses. It finds applications in various image edit-

ing tools. The system we have proposed can be incorporated 

as a user-friendly feature in any of these tools. Removing 

unwanted objects from an otherwise perfect image will now 

be as easy as clicking on the objects to make them disappear. 

Our system eliminates the need of painstakingly painting 

regions in the image to be removed. It is also an improvement 

on tools that need you to manually draw a box around the 

object to be removed. 

The first step in this work was to modify the convolutional 

layers in the network by partial convolutions. This required us 

to modify the behavior of the skip connections and the way 

the network processed inputs in U-Net’s encoding and de-

coding parts. To do this, we created the Partial Convolution 

Layer from scratch using TensorFlow. Six of the losses de-

scribed in Nvidia’s paper were implemented and it was inter-

esting to see how they interacted together. We tried modifying 

each of their coefficients and observed that the per pixel loss 

and the style loss had the biggest impact on the results, while 

the total variation and perceptual losses were mostly for fine 

tuning. We also realized how the capabilities of a CNN can be 

extended. A typical CNN can only tell you the class of the 

objects but not where they are located, whereas an R-CNN 

can detect the exact location of the objects as well. The nov-

elty in our system lies in the inclusion of object detection to 

supplement the image inpainting component. 

The system we built over the course of this research pro-

duced reasonable results under the given constraints, as dis-

cussed in the previous sections. However, there is room for 

improvement. We did face a degradation in the quality of the 

final image, which we suspect is an issue with our image 
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normalization parameters. Also, the inpainted region did not 

always seamlessly blend in with the surroundings. Certainly, 

our model needs to be trained for a lot longer to resolve this 

problem. Our approach aligns with the principles of 

cost-effective design and modeling, as described in [17], which 

demonstrated efficient object detection and image inpainting 

using low-budget hardware. Future iterations of our system 

could further optimize computational efficiency and model 

refinement to achieve high performance while maintaining 

frugality in resource utilization. 

However, the system also has some limitations. It struggles 

to remove an object which is overlapping with other objects. 

Also, feeding the system with an image that is cluttered with a 

bunch of objects does not give us the desired results. Another 

point to note is that our system is only as good as its object 

detection component, which is responsible for producing a 

masked version of the image, without the selected object to be 

removed. This can prove to be the system’s single point of 

failure. 

Nonetheless, we gained a significant amount of knowledge 

in the realm of image processing and manipulation using deep 

learning. We learnt about object detection, partial convolu-

tions and its advantages over regular convolutions in this area, 

the U-Net architecture, various losses and how they influence 

the objective of a model and how to incorporate attention 

in the U-Net architecture. Although the results fell short of 

our expectations, we gained invaluable experience with 

powerful deep learning concepts over the course of this work. 

7. Future Work 

The pervasiveness of neural and large language models has 

now extended into prior technological fields such as IoT, 

finding practical applications in domains like smart infra-

structure and resource optimization [18]. Future work could 

explore leveraging structural priors and fine-tuned embed-

dings, similar to the experimental approach used in [19], to 

improve the integration of object detection and image 

inpainting for more seamless reconstructions. 

Firstly, we intend to work on improving the drawbacks of 

our current approach. To start with, our focus would be on 

making training more efficient to push the capability of our 

model while requiring shorter compute time. As mentioned 

above, we use pre-trained weights to arrive at our results, but 

we intend to address this as well, and switch to a model that is 

trained by us from scratch - thus providing more flexibility in 

our approach. The object detection component of the system 

allows a user to choose or highlight the elements of a class 

instead of drawing a box around it on the actual image. This 

has the potential to allow a much cleaner and more optimal 

inpainting. It also mitigates the chance of human error. 

However, the implementation of this is not fully stable yet and 

must be enhanced further. We also plan to increase the num-

ber of classes and create different CNNs to deal with different 

class groups such as animals, species, vehicles and so forth. 

Secondly, there are several possible ways to extend the 

proposed product, by considering existing technology as well 

as other prospective applications. Once the model has reached 

a mature state, some of these extensions will be considered. 

We are thinking about extending the system to apply it to 

videos, while keeping the image consistent from one frame to 

the next. To do this, we would need to add a temporal loss to 

the six existing losses to ensure this consistency. Another 

noteworthy extension of the product would be to enable an 

option to replace an object of one class with an object of 

another class, as opposed to the primary function of just re-

moving an object from an image. Lastly, an interesting alt-

hough somewhat divergent application would be to supple-

ment a similar system to work with audio clips (for example, 

by specifying it to remove a specific instrument from an audio 

track). Along those lines, future work could explore multi-

modal datasets, such as the AudioFacialMatrix dataset [20], to 

enhance object detection and image inpainting by integrating 

complementary data sources. Leveraging diverse modalities 

may improve model robustness and generalization across 

varied real-world scenarios with potential extensions to di-

verse applications such as recommender systems [21, 22]. 

Abbreviations 

AI Artificial Intelligence 

CNN Convolutional Neural Network 

R-CNN Region-based CNN 

U-Net U-shaped Convolutional Neural Network 

MSE Mean Squared Error 

VGG-16 Visual Geometry Group 16-layer CNN 

COCO Common Objects in Context dataset 

RGBA Red, Green, Blue, Alpha 

IoT Internet of Things 
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Appendix 

A End-to-end system results 

  
                            (a) Original Image                       (b) Objects detected by R-CNN 

  
(c) Selected object mask                    (d) Image with mask applied 

 
(e) Final Inpainted Image 

Figure 6. End-to-end system results - 1. 

  

                             (a) Original Image                     (b) Objects detected by R-CNN 
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(c) Selected object mask                  (d) Image with mask applied 

 
(e) Final Inpainted Image 

Figure 7. End-to-end system results - 2. 

  
(a) Original Image                        (b) Objects detected by R-CNN 

  
(c) Selected object mask                       (d) Image with mask applied 
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(e) Final Inpainted Image 

Figure 8. End-to-end system results - 3. 

  
      (a) Original Image                   (b) Objects detected by R-CNN 

  
(c) Selected object mask                      (d) Image with mask applied 

 
(e) Final Inpainted Image 

Figure 9. End-to-end system results - 4. 
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