Image Cartoonization Using Deep Learning

A Project Work

Submitted to the Department of Information & Communication Technology,
Comilla University in partial fulfillment of the requirement for the degree of
Master of Science (Engg.) in Information Communication Technology.

SUBMITTED BY
ID: 22209016
Registration No: 11809022
Session: 2021-22

DEPARTMENT OF INFORMATION & COMMUNICATION TECHNOLOGY
COMILLA UNIVERSITY, COMILLA, BANGLADESH

SUPERVISOR
MD. RAKIB HASAN
ASSISTANT PROFESSOR
DEPARTMENT OF INFORMATION & COMMUNICATION TECHNOLOGY
COMILLA UNIVERSITY, COMILLA, BANGLADESH

DATE OF SUBMISSION: FEBRUARY, 2025



Abstract

The Cartoonization Project is an innovative image processing system that
transforms real-world photographs into cartoon-like representations using
advanced deep-learning techniques. The core of this project revolves around a U-
Net architecture-based convolutional neural network (CNN), enhanced by
residual blocks and guided filters, that processes input images and generates
cartoonized outputs. By leveraging TensorFlow, along with various image
manipulation techniques such as resizing, upsampling, and applying residual
learning, the system ensures high-quality, visually appealing cartoon images. This
project employs a client-server architecture, where users can upload images
through a web interface (built using Flask) and obtain the cartoonized output.
Designed with flexibility in mind, the system can be deployed locally or in cloud
environments using services like Google Cloud, ensuring scalability and
robustness. Through the integration of state-of-the-art image processing
algorithms, the Cartoonization Project serves as a powerful tool for automating
the transformation of real images into stylized cartoon representations, with
potential applications in entertainment, digital art, and social media content
creation.
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CHAPTER 1
Introduction




1.1 What is Cartoonization?

[1] The Cartoonization Project is an advanced image processing system aimed at transforming
real-world images into cartoon-like representations. Cartoonization refers to the artistic process
of converting a photo or video into an image that mimics the style of a hand-drawn or animated
cartoon. Over the past few years, the rise of deep learning and computer vision technologies has
made such transformations more accessible and efficient, allowing for high-quality results with
minimal manual intervention. This project leverages the power of Convolutional Neural
Networks (CNNs), specifically a U-Net architecture, to automatically generate cartoonized
images from real-world photographs.

1.2 Importance of Cartoonization

The importance of cartoonization lies in its broad applications across various fields. In the
entertainment industry, cartoonized content is used extensively for animations, video games,
movies, and comic books, where characters and environments are depicted in a stylized,
engaging manner. It also plays a significant role in social media and personal content, where
users enjoy transforming their photos into cartoons for fun, profile pictures, or artistic purposes.
Additionally, cartoonization is used in advertising, where it helps create eye-catching and
memorable visuals that attract consumer attention.

Beyond aesthetics, cartoonization also simplifies complex visual data, which can be useful in
areas such as medical imaging, satellite image processing, and industrial design, where
simplified and stylized images may reveal patterns or insights more easily than realistic images.
This makes the ability to automate the cartoonization process an important tool in both creative
and professional applications.

1.3 Motivation

The motivation behind this project is to explore the capabilities of artificial intelligence (Al) and
deep learning in automating artistic processes. While traditional methods of cartoonization
involved manual drawing or editing using graphic design tools, these techniques are time-
consuming and require skilled artists. With the advent of deep learning and neural networks, it is
now possible to automate this process, enabling anyone to convert their images and videos into
cartoon versions with a single click. This project takes advantage of Convolutional Neural
Networks (CNNs), which have shown remarkable success in image processing tasks, including
style transfer, image segmentation, and image-to-image translation. By using these technologies,
the project aims to make cartoonization both accessible and efficient.

Additionally, the growing popularity of stylized media content, such as cartoon avatars and
social media filters, further drives the need for automated cartoonization tools. The ability to



quickly generate high-quality cartoon images or videos without the need for manual editing can
significantly reduce production time, which is crucial for content creators in today's fast-paced
digital world.

1.4 Aims and Objectives

The primary aim of this project is to develop an efficient, automated system for converting real-
world images and videos into cartoon-like representations using state-of-the-art deep learning
techniques. The project is designed with the following specific objectives:

1.

To Develop an Image-to-Image Translation Model: The core objective is to implement
a U-Net-based deep learning model that can effectively learn the mapping from real-
world images to cartoonized versions. The model will be trained on a large dataset of real
and cartoonized image pairs, enabling it to understand the structural and stylistic
differences between the two domains.

To Ensure High-Quality Cartoonization: Achieving high-quality cartoonization that
preserves the essence of the original image while introducing the characteristic features
of cartoons, such as simplified shapes and vibrant colors, is crucial. The model will
employ advanced image processing techniques like guided filtering and residual learning
to ensure that the output images maintain high fidelity and clarity.

To Provide a User-Friendly Web Interface: One of the key objectives is to make this
cartoonization tool accessible to a wide audience. By developing a web-based interface
using Flask, users will be able to upload images or videos, initiate the cartoonization
process, and view/download the results easily. The system will be designed to be intuitive
and simple, catering to both technical and non-technical users.

To Implement Cloud Integration for Scalability: To handle large files and ensure
smooth processing, especially for video cartoonization, the project will incorporate cloud
technologies. By leveraging Google Cloud or similar platforms, users will be able to
process large images and videos without worrying about local hardware limitations.

To Optimize for Speed and Efficiency: Since cartoonization can be computationally
intensive, particularly when working with high-resolution images or videos, another
objective is to optimize the deep learning model for both GPU and CPU environments,
ensuring faster processing times while maintaining high-quality output.

To Enable Scalability and Collaboration: The project will allow for future expansion,
where additional features such as different cartoon styles, batch processing, and
integration with third-party platforms can be easily added. This will make the system
adaptable to different user needs and use cases.

1.5 Scope of the Project
The scope of this project is centered around the development of a deep learning-based system for
cartoonizing images and videos. The project focuses on the following key areas:



e Image Cartoonization: The model will be trained on a dataset of real-world images and
their corresponding cartoonized versions, focusing on generating high-quality cartoon
images with minimal distortion of the original content.

e Web Application: A user-friendly web interface will allow users to easily interact with
the cartoonization tool, upload files, and view/download their results.

e Cloud Processing: The project will leverage cloud technologies to enable efficient
processing of large image and video files, allowing users to access the system remotely.

The successful implementation of this project will not only demonstrate the effectiveness of deep
learning in artistic content generation but also pave the way for further advancements in creative
Al tools.



CHAPTER 2

Literature Review



2.1 Introduction to Cartoonization Techniques

Cartoonization has been an area of interest in image processing and computer vision for many
years. Initially, cartoonization was achieved using traditional image processing techniques such
as edge detection, color quantization, and bilateral filtering. However, with the advent of deep
learning, particularly Convolutional Neural Networks (CNNs) and Generative Adversarial
Networks (GANSs), the accuracy and realism of cartoonization have significantly improved.

In this section, we review previous approaches to image cartoonization, their advantages and
limitations, and how recent advancements in deep learning have transformed the field.

2.2 Traditional Cartoonization Methods

Before the rise of deep learning, cartoonization was primarily performed using conventional
computer vision and image processing methods. Some notable techniques include:

1. Bilateral Filtering and Edge Detection

e [2] Early methods used bilateral filtering to smooth out textures while preserving
important edges. This technique helped in reducing the high-frequency details that
give an image its photographic look while maintaining the essential structure of
objects.

o Edge detection algorithms such as Canny Edge Detection were used to extract
strong edges and emphasize them, giving the appearance of hand-drawn outlines.

However, these methods often lacked adaptability, as they required fine-tuning of
parameters and failed to generalize across different image styles.

2. Mean-Shift Segmentation

o Mean-shift segmentation is a color clustering algorithm that groups similar colors
together, making the image appear more stylized.

e While effective in reducing the complexity of images, it does not introduce artistic
styles such as exaggerated colors or shapes that are characteristic of cartoons.

3. Image Abstraction & Stylization

e Some traditional methods used image abstraction techniques, which simplified
textures and details while maintaining strong contours.



o However, these approaches were rule-based and required manual fine-tuning,
making them less scalable for diverse images and real-time applications.

Limitations of Traditional Methods:

o Fixed rule-based approaches: Parameters had to be manually adjusted for different
images.

o Lack of adaptability: They struggled to generalize across different images, lighting
conditions, and artistic styles.

o Limited realism: The outputs often lacked the artistic touch and smooth transitions that
are characteristic of hand-drawn cartoons.

2.3 Deep Learning-Based Approaches

With the success of deep learning in computer vision tasks such as image translation, style
transfer, and segmentation, researchers started exploring CNN-based models for automatic
cartoonization.

1. Neural Style Transfer (NST)

e Introduced by Gatys et al. (2015), Neural Style Transfer (NST) was one of the first
deep learning-based approaches for generating artistic images.

e NST uses a pre-trained CNN, typically VGG-19, to extract style and content
representations from different images.

o It then optimizes an input image to match the style of a reference image while
preserving its content.

o However, NST is computationally expensive, requires iterative optimization, and
does not work well for real-time applications.

2. Generative Adversarial Networks (GANS)
e GANSs have been widely used for artistic style transfer and cartoonization.

e One notable example is CycleGAN (Zhu et al., 2017), which enables unsupervised
image-to-image translation without requiring paired training data.



e Models like CartoonGAN (Chen et al., 2018) specifically trained on cartoon
datasets have shown impressive results in generating high-quality cartoonized images.

e However, GANs suffer from training instability, mode collapse, and artifacts in
the output images.

3. U-Net and Encoder-Decoder Architectures

e U-Net is an encoder-decoder architecture that is widely used in image
segmentation and stylization.

o It preserves spatial information using skip connections, making it effective for
image-to-image translation tasks like cartoonization.

e Unlike GANs, U-Net-based models do not require an adversarial network, making
them more stable and efficient for training.

e This is the approach used in our project, where the White Box Cartoonization
model utilizes a U-Net-based generator.

Advantages of U-Net-Based Cartoonization:

v Preserves important features while applying artistic transformations.
v More stable training compared to GAN-based approaches.
v Faster inference time, making it suitable for real-time applications.

2.4 White Box Cartoonization Model

Our project is based on the White Box Cartoonization Model, which incorporates:
e A U-Net Generator for image-to-image transformation.
o Guided Filtering to refine edges and textures.
e Residual Learning to enhance detail retention.

This model is superior to traditional approaches as it effectively learns the mapping from real-
world images to cartoonized versions without requiring hand-crafted features.

Why White Box Cartoonization?



v Better edge preservation than traditional filters.
v More controllable and interpretable results than GAN-based methods.
v Lightweight and efficient, making it suitable for real-time applications.

2.5 Summary of Literature Review

Method Strengths Weaknesses

Bilateral Filtering & Edge Limited adaptability, rule-

Simple and fast

Detection based

Mean-Shift Segmentation Good for color simplification ||Lacks artistic style
- Computationally

Neural Style Transfer (NST) Generates artistic effects

expensive

GAN-based Models (e.g.,
CartoonGAN, CycleGAN)

Training instability, mode

High-quality cartoonization
gn-quality collapse

U-Net Based Cartoonization (White |Efficient, preserves details,||[Requires large training
Box Model) fast inference dataset

Table 2.1 Comparison between different Cartoonization Methods
2.6 Conclusion

The literature review demonstrates how deep learning has revolutionized cartoonization. While
traditional methods like bilateral filtering and edge detection laid the groundwork, modern
CNN-based approaches have significantly improved the quality and realism of cartoonized
images. Among these, the U-Net-based White Box Cartoonization model is one of the most
effective, balancing high-quality results with computational efficiency.

Our project builds upon these advancements, leveraging U-Net, residual learning, and guided
filtering to create a stable and high-quality cartoonization system. By addressing the limitations
of existing methods, our model aims to provide an efficient and accessible solution for users
looking to transform their images and videos into stunning cartoon representations.




CHAPTER 3

Methodology
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3.1 Overview

The proposed cartoonization model is based on a deep learning-based image-to-image
transformation approach that utilizes a U-Net architecture with guided filtering. This
methodology section describes the step-by-step process involved in implementing the model,
including data preprocessing, model architecture, training procedure, and post-processing.

3.2 Workflow of Cartoonization Model
The overall pipeline of the cartoonization system consists of the following steps:
1. Input Image Preprocessing
o Convert input images to a suitable format.
o Normalize pixel values for efficient training.
o Resize images to a fixed resolution.
2. Feature Extraction & Downsampling (Encoder)
o Extract features using convolutional layers.
o Downsample the image to a lower resolution for high-level feature representation.
3. Residual Blocks for Feature Enhancement
o Apply residual learning to retain important details.
o Improve style transfer while maintaining structure.
4. Upsampling & Reconstruction (Decoder)
o Restore the image size while applying a cartoon-style transformation.
o Use guided filtering for edge refinement.
5. Output Generation
o Convert the processed image back to the original format.

o Save or display the cartoonized image.

11



Feature Extraction & Upsampling &

. - . Residual Blocks for i
Preprocessing Downsampling Reconstruction
Feature Enhancement
(Encoder) (Decoder)

4

Input Image Output Image

Figure 3.1 Block Diagram of Cartoonization Model

3.3 Data Preprocessing

Before training the model, input images undergo several preprocessing steps to ensure
compatibility with the neural network.

1. Image Normalization

e Input images are normalized to the range [-1, 1] to improve convergence during
training.

e This is done by: normalized_image = (original_image / 127.5) - 1

Imageoriginal) 1
127.5

Image,ormatized = (
2. Data Augmentation
To improve generalization, the training dataset is augmented using:
o Random cropping to introduce variability in image composition.
« Horizontal flipping to increase data diversity.
o Color jittering to simulate different lighting conditions.
3. Image Resizing

o All images are resized to 256x256 pixels for consistency across the dataset.

3.4 Model Architecture

The core model is based on a U-Net generator with residual learning. The key components of
the architecture are:

1. Encoder (Feature Extraction)
e Uses convolutional layers to extract hierarchical features from the input image.

« Downsampling is performed using strided convolutions instead of max pooling for
better feature preservation.

12



o Leaky ReLU activation is used to prevent vanishing gradients.
2. Residual Learning

o Residual blocks are used to refine extracted features and enhance content
preservation.

« This helps in avoiding over-smoothing and retaining important textures.
3. Decoder (Upsampling & Reconstruction)

e Uses bilinear upsampling followed by convolutional layers to restore the original
image size.

o Skip connections are used to retain fine details lost during downsampling.

« The final output layer applies a tanh activation function to keep pixel values in the
range [-1, 1].

4. Guided Filter for Edge Preservation

e The guided filter is used to refine the generated cartoon image by smoothing
unnecessary details while preserving important edges.

e The filter is applied to both the input and output images to ensure smooth color
transitions without losing sharpness.

3.5. Training Procedure
1. Loss Function

The model is optimized using a combination of multiple loss functions to ensure
realistic cartoonization:

e Content Loss: Measures the difference between the input and output image
content.

o [Edge Preservation Loss: Ensures that the edges in the cartoonized image are
well-defined.

e Style Loss: Helps the model generate a smooth, artistic look by reducing high-
frequency noise.

2. Optimization Algorithm
« Adam optimizer is used for fast convergence.

e The learning rate is set to 0.0002 and decayed gradually during training.

13



3. Training Details

e The model is trained on a large dataset of real-world images and cartoon
images.

e The batch size is set to 16 to balance memory usage and computational efficiency.

e The number of training epochs is set to 50 to ensure convergence without
overfitting.

3.6. Post-Processing
Once the cartoonized image is generated, additional post-processing steps are applied:
« Denormalization: Convert pixel values back to [0, 255] for visualization:
Imageupu = (IMagegeneratea + 1) * 127.5
o Edge Enhancement: A final pass of edge enhancement is applied if necessary.

e Format Conversion: Convert the output image to standard formats like JPEG or PNG.

3.7 Implementation Details

The project is implemented using TensorFlow with tf_slim for defining neural network layers.
The following key files are used:

e guided_filter.py: Implements the guided filter for refining edges.
e network.py: Contains the U-Net generator and residual learning components.

e cartoonize.py: Handles input image loading, model inference, and output generation.

3.8 Summary

The methodology follows a structured approach to cartoonization using deep learning-based U-
Net models with guided filtering. The step-by-step workflow ensures high-quality, efficient,
and realistic cartoonized images. By leveraging residual learning, feature extraction, and
upsampling techniques, the model achieves superior results compared to traditional methods.
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CHAPTER 4

Implementation and Testing
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4.1 Implementation

4.1.1 Development Environment & Tools

The project was implemented using the following tools and frameworks:
e Programming Language: Python
e Deep Learning Framework: TensorFlow 1.x (using tensorflow.compat.v1)
e Image Processing: OpenCV (cv2) and NumPy (numpy)
o Data Handling: Scikit-Video (skvideo.io)
« Visualization: Matplotlib (matplotlib.pyplot)

The code is structured into different modules:
« cartoonization.py — The main script for image inference.
e guided_filter.py — Implements guided filtering to enhance edges.
o network.py — Defines the U-Net generator with residual learning.

4.1.2 Code Structure
The implementation follows a modular approach where each component is separated into
different files:
(i) Loading Pre-trained Model
wbc = WB_Cartoonize('white_box_cartoonizer/saved_models', gpu=True)
This loads the pre-trained weights stored in the saved_models directory.
(if) Reading & Preprocessing an Image
img = cv2.imread('white_box_cartoonizer/test.jpg')
img = cv2.cvtColor(img, cv2.COLOR_BGR2RGB)
The input image is read using OpenCV and converted to the RGB format.
(iii) Performing Cartoonization
cartoon_image = wbc.infer(img)
This function performs forward inference using the deep learning model.
(iv) Displaying the Output
import matplotlib.pyplot as plt
plt.imshow(cartoon_image)
plt.show()
The cartoonized image is displayed using Matplotlib.

4.2 Application Screenshots

To better illustrate the functionality and user experience of the Cartoonization application, this
section presents screenshots from different stages of the process. These images highlight key
features, user interface elements, and the output quality.



Homepage: This page is displayed upon launching the application and navigating to
http://127.0.0.1:8080/.

Image Cartoonizer

B Upload Image

© 2025 Cartoon Maker

Figure 4.1 Homepage of Image Cartoonizer

Processing Stage: This page is displayed after selecting an image using the "Upload Image"
button.

Ve

Preparing your cartoon! May take an extra few seconds for video :)

Figure 4.2 Processing of the Image
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http://127.0.0.1:8080/

Cartoonized Output: Here is the cartoonized image which is available to be downloaded for 5
minutes.

Image Cartoonizer

M Upload Image

& Download

(Valid for 5 minutes only)

Figure 4.3 Cartoonized output of the Image

Comparison between input & output images:

Inut Imag ' Output }'Imag;e
Figure 4.4 Comparison between Input & Output image
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4.2 Testing

The testing phase ensures that the cartoonization model functions correctly and produces high-

quality results.

4.2.1 Testing Environment
o Hardware: NVIDIA GPU (for acceleration) and CPU-based execution for compatibility

testing.

o Software: Python 3.x, TensorFlow 1.x, OpenCV, NumPy, Matplotlib.
e Operating System: Windows 10, Ubuntu 20.04.

4.2.2 Test Cases & Expected Results

Test Case Input Expected Output Status
Cartoonization of a single |[High-resolution Cartoonized image with smooth
. Passed
image photo textures & strong edges
Handling of grayscale Black & white , :
. gorgray . Cartoonized grayscale image Passed
images image
Cartoonization of low- Small images Scaled cartoonized image without
o : Passed
resolution images (100%100 px) artifacts
. . Image > 4K Properly processed cartoon image

Large im r in . . %

arge image processing resolution without memory overflow & Passed

. Photo with shar : .
Edge preservation edges P Well-defined edges in output Passed
Slower but produces the same
Performance on CPU Inference on a CPU . P Passed
quality output
. Inference on an Faster inference with identical
v
GPU Acceleration NVIDIA GPU results 4 Passed
- . Corrupt or missin .

Invalid image input P g Proper error handling Passed

file

Table 4.1 Test Case Analysis

4.2.3 Performance Evaluation
The model was evaluated based on the following performance metrics:

(i) Processing Time

e CPU (Intel i7, 16GB RAM): ~3 seconds per image
e GPU (NVIDIA RTX 3060, 6GB VRAM): ~0.5 seconds per image
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(i) Visual Quality Assessment

o Compared results with real cartoon images to measure style accuracy.
o Edge definition was analyzed using Sobel edge detection.

4.2.4 Issues & Fixes

Issue

Solution Implemented

TensorFlow 2.x compatibility issues

Used tensorflow.compat.v1 for backward compatibility

Memory overflow with large images

Resized input images to fit memory constraints

Over-smoothing in some images

Adjusted guided filter parameters (radius r, epsilon eps)

Table 4.2 Issues aroused during development and implemented solution

4.3 Summary

e The implementation was structured into modular Python scripts.

e The testing phase validated the correctness, efficiency, and robustness of the model.
o The model successfully cartoonized images while preserving important details.

e GPU acceleration significantly improved processing speed.

20



CHAPTER 5
Future Direction and Conclusion
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5.1 Future Directions

While the current implementation of the cartoonization model produces high-quality results,
several areas can be explored to further improve the model's performance and usability.

1. Model Improvements

e Transition to TensorFlow 2.x: The current implementation relies on
tensorflow.compat.vl, which is deprecated in the latest TensorFlow versions.
Migrating to TensorFlow 2.x with tf.function and tf.keras would enhance
performance and ensure long-term support.

« Improved Edge Preservation: Although guided filtering helps enhance edges,
incorporating advanced edge-aware techniques like bilateral filtering or GAN-based
edge detection could further refine the output.

o Higher Resolution Processing: The current implementation resizes images to 720p
for memory efficiency. Future work can focus on optimizing memory usage to handle
4K and higher resolution images without sacrificing quality.

2. Real-Time Cartoonization

o Optimization for Real-Time Applications: The model currently requires a few
seconds per image. Techniques such as TensorRT optimization or quantization (e.g.,
TensorFlow Lite) could reduce latency, enabling real-time processing for applications
like live video cartoonization.

e Mobile & Web Deployment: Converting the model into a lightweight version for
deployment on mobile devices (Android/iOS) or web applications (using
TensorFlow.js) would make the technology more accessible to users.

3. Extending to Videos & Interactive Applications

o Video Cartoonization: Extending the model to handle video sequences efficiently
while maintaining temporal consistency between frames could open doors to
animation and film applications.

e Interactive User Control: Allowing users to adjust parameters like edge sharpness,
color saturation, and artistic style could give more creative control over the
cartoonization process.

4. Exploring Different Art Styles

e Multiple Cartoon Styles: The current model produces a single cartoon style. Future
models could incorporate style transfer techniques to provide different artistic styles,
such as anime, pencil sketch, or watercolor effects.
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e GAN-based Enhancement: Implementing Generative Adversarial Networks (GANS)
like CycleGAN or StyleGAN could further enhance realism and artistic effects.

5.2 Conclusion

This project successfully implemented a deep learning-based cartoonization model that
transforms real-world images into artistic cartoon representations. The model uses a U-Net-
based generator with residual learning and guided filtering to refine edge details. The
modular implementation ensures flexibility, while extensive testing confirms its robustness
across different input conditions.

Key takeaways from this project include:

High-quality image-to-cartoon transformation using deep learning techniques.
Edge-preserving filtering to maintain important details in the cartoonized output.

GPU acceleration for faster inference, with the potential for real-time applications.
Scalability & future improvements in resolution, processing speed, and style diversity.

By incorporating real-time processing, mobile/web deployment, and multiple artistic styles,
the model can be further refined for creative industries, social media applications, and digital art
enthusiasts. This work lays a solid foundation for future advancements in Al-driven artistic
transformations.

23



References

[1]. wikipedia, Cartoon. [Online]. Available from: https://en.wikipedia.org/wiki/Cartoon [Accessed: 01st February 2025].

[2]. geeksforgeeks, python-bilateral-filtering. [Online]. Available from: https://www.geeksforgeeks.org/python-bilateral-filtering
[Accessed: 01st February 2025].

24


https://en.wikipedia.org/wiki/Cartoon

