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ABSTRACT 

 

Image Colorization is the problem of defining colors for grayscale images. 

Deep neural networks proved a great success in different fields recently. Therefore, it 

is used to solve the image colorization problem; moreover, it proved to be a 

particularly good choice. In literature, few review papers addressed the colorization 

problem. Most of them classified the research papers according to one or two criteria 

as input image type, several coloured output images, colorization methodology, 

techniques or networks used in colorization, and network paths. This review 

classifies the papers according to these criteria integrally and with a relatively large 

number of papers. Besides, the review displays the commonly used datasets and 

measures of comparison. It is found that deep learning is a widely used solution 

methodology to the problem. Unifying the comparison measures and data sets might 

help show the advances of the new models. An approach based on deep learning for 

automatic colorization of image with optional user-guided hints. The system maps a 

gray-scale image, along with, user hints” (selected colors) to an output colorization 

with a Convolution Neural Network (CNN). Previous approaches have relied heavily 

on user input which results in non-real-time desaturated outputs. The network takes 

user edits by fusing low-level information of source with high-level information, 

learned from large-scale data. Some networks are trained on a large data set to 

eliminate this dependency. The image colorization systems find their applications in 

astronomical photography, CCTV footage, electron microscopy, etc. The various 

approaches combine color data from large data sets and user inputs provide a model 

for accurate and efficient colorization of grey-scale images. Keywords image 

colorization; deep learning; convolutional neural network; image processing. 
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CHAPTER 1 

INTRODUCTION 
 
There are two broad approaches followed in computer graphics to image colorization: 

user-driven edit propagation and automatic colorization driven by data. In the first 

approach, a user provides hints by colored strokes over a gray-scale image. The 

enhancement strategy at that point produces a colorized picture it coordinates the 

client’s strokes, while additionally sticking to hand characterized picture priors, for 

example, piece-wise smoothness. These strategies can be utilized to yield extremely 

noteworthy outcomes however they regularly require serious client collaboration 

(occasionally in excess of fifty strokes), as each diversely hued picture area must be 

unequivocally shown by the client. Since the framework depends intensely on client 

contributions for hues, even locales with little shading vulnerability, for example, blue 

sky or green vegetation, should be determined. An additional information driven 

colorization strategies is like- wise attempted by the scientists to address these 

constraints.  

These techniques colorize a dim scale picture in one of two different ways: 

either by coordinating it with a model hued picture in a database and non-parametric 

duplicating hues from that photograph, or by taking in parametric mappings from dark 

scale to shading from substantial scale picture information. The latest techniques in 

information driven worldview pro- posed, utilize profound neural systems and they 

are completely programmed. The aftereffects of the procedure often contain incorrect 

hues and ancient rarities alongside the shaded yield. The precise shade of couple of 

nonexclusive articles, for example, a shirt, is regularly vague it is shading could be 

orange, red, or pink.  

The new methodology is to attempting to consolidate both of these strategies 

to outdo both, utilizing substantial scale information to learn priors about regular 

shading symbolism, while in the meantime joining client decisions. The thought is to 

prepare a CNN on an extensive informational collection to straightforwardly outline 

scale pictures, alongside client contributions, to create a colorized yield picture.  

 

 In this project we use deep learning techniques to differentiate deep fakes and 

colorize the image/videos.
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CHAPTER 2 

LITERATURE SURVEY 
 
Colorization basically involves assigning realistic colors to grey-scale image. 

Convolutional neural networks are specifically designed to deal with image data. 

Many authors have done promising work on this idea.  

Domonkos Varga proposed the idea of automatic coloring of cartoon images, since 

they are quite different from natural images, they pose a difficulty as their colors 

depend on artist to artist. So, the dataset was specifically trained for cartoon images, 

about 100000 images, 70% of which were used in training and rest for validation. But 

unfortunately, the color uncertainty in cartoons is much higher than in natural images 

and evaluation is subjective and slow.  

Shweta Salve proposed another similar approach, employing the use of Google’s 

image classifier, Inception ResNet V2. The system model is divided into 4 parts, 

Encoder, Feature extractor, Fusion layer and Decoder. The system is able to 

produce acceptable outputs, given enough resources, CPU, Memory, and large 

dataset. This is mainly proof of concept implementation.  

Yu Chen proposed an approach to mainly address the problem of coloring Chinese 

films from past time. They used existing dataset with their data-set of Chinese 

images, fine- tuning the overall model. The network makes use of multi- scale 

convolution kernels, combining low and middle features extracted from VGG-16. V.K. 

Putri proposed a method to convert plain sketches into colorful images. It uses 

sketch inversion model and color prediction in CIE Lab color space. This approach 

can handle hand drawn sketches including various geometric transformations. The 

limitation found was that data-set is very limited but it works well for uncontrolled 

conditions. Richard Zhang [5] has proposed optimized solution by using huge data-

set and single feed-forward pass in CNN. 

2.1 INFERENCES FROM LITREATURE SURVEY 

Global features: Most of the methods utilize the global features to form an image 

filter, and then use this filter to select similar images from a large image set 

automatically. However, some models produced unnatural colorization result due to 

global similarity but semantic difference.  

Data Set size: Parametric and Non- Parametric models use different sizes of data 

sets for training the CNN. The Parametric model use exceptionally large data set to 

train the CNN and produce more accurate result while the non-Parametric models 
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rely more on the input hints and reference image and use smaller data set for training 

the CNN. 

 

Semantic Information: Semantic information has a significant and unavoidable role 

in deep image colorization. For effective colorization of images, the system must 

have information of the semantic composition of the image and its localization. For 

instance, leaves on a tree may be colored green in spring, but they should be colored 

brown for a scene set in autumn. VGG-16 CNN model was used by majority of 

approaches to extract semantic information about the image before applying 

colorization techniques.  

Feature Extraction: Features of the image are obtained through by integrating pre-

trained neural networks to extract information about objects, shapes and use this 

context to assign color values to the objects. Some approaches used to use 

Inception ResNet V2 classifier or Tensor flow to serve this purpose. 
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Fig2.1: Grayscale/ Black & White Image to Colorized Image  
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          CHAPTER 3    

               REQUIREMENT ANALYSIS 
 

3.1 FEASIBILITY STUDIES/RISK ANALYSIS OF THE PROJECT 

Plain Networks Similar to other CNN tasks, early colorization architectures were plain 

networks with a simple, straightforward architecture that stacked convolutional layers 

with no, or naive skip connections. 

Deep colorization can be regarded as the first method to incorporate convolutional 

neural networks (CNNs) for the colorization of images. However, this method does 

not fully exploit CNNs; instead, it also includes joint bilateral filtering as a post-

processing step to remove artifacts introduced by the CNN network. 

User-guided networks User-guided networks require input from the user either in the 

form of in points, strikes, or scribbles. User input can be provided in real-time or 

offline. The following are examples of user-guided networks. 

The generator part of the proposed network adopts an encoder-decoder structure 

with residual blocks. Following the architecture of Sketch Inversion the augmented 

architecture consists of three down sampling layers, seven residual blocks preceded 

by three up sampling layers. The down sampling layers apply convolutions of stride 

two, whereas the up-sampling layers utilize bilinear up sampling to substitute the 

deconvolutional layers contrary to Sketch Inversion. 

Domain-Specific Colorization of these networks is to colorize images from different 

modalities such as infrared, or different domains such as radar. We provide the 

details of such networks in the following sub-sections. Example-based approaches 

require two images. These algorithms transfer color information from a colorful 

reference image to a grayscale target image and predicted the expected variation of 

color at each pixel, thus defining a non-uniform spatial and colorized independently. 

Surveyed Techniques The methods for image colorization can be categorized into 

two major groups: Based on user inputs and automatic colorization based. The 

methods make use of CNN for the colorization. The nonparametric methods first 

define one or more color reference images using the input from either user or a 

source image as source data. Then, color is transferred onto the input image from 

matching regions of the reference data. On the other hand, Parametric methods learn 

from training on large data sets of colored images, using either regression onto 

continuous color space or classification of quantized color values. 
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3.2 SOFTWARE REQUIREMENTS SPECIFICATION DOCUMENT 
 
A software requirements specification (SRS) is a description of a software system to 

be developed. It lays out functional and non-functional requirements and may include 

a set of use cases that describe user interactions that the software must provide. To 

fully understand one’s project, it is very important that they come up with a SRS 

listing out their requirements, how are they going to meet it and how will they 

complete the project. It helps the team to save upon their time as they can 

comprehend how are going to go about the project. Doing this also enables the team 

to find out about the limitations and risks early on. Requirement is a condition or 

capability to which the system must conform. Requirement Management is a 

systematic approach towards eliciting, organizing, and documenting the requirements 

of the system clearly along with the applicable attributes. The elusive difficulties of 

requirements are not always obvious and can come from any number of sources. 

 

3.2.1 Functional Requirement 

Functional Requirement defines a function of a software system and how the system 

must behave when presented with specific inputs or conditions. These may include 

calculations, data manipulation and processing and other specific functionality. 

Following are the functional requirements on the system: 

 

1. All the data must be in the same format as a structured data.  

2.The data collected will be vectorized and sent across to the classifier. 

 

3.3 Non-Functional Requirements 

 

Non-functional requirements are the requirements which are not directly concerned 

with the specific function delivered by the system. They specify the criteria that can 

be used to judge the operation of a system rather than specific behaviors. They may 

relate to emergent system properties such as reliability, response time and store 

occupancy. Non-functional requirements arise through the user needs, because of 

budget constraints, organizational policies, and the need for interoperability with 

other software and hardware system. 

3.3.1 Product Requirements 

Correctness: It followed a well-defined set of procedures and rules to engage a 
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conversation with the user and a pre-trained classification model to compute also 

rigorous testing is performed to confirm the correctness of the data. Modularity: The 

complete product is broken up into many modules and well-defined interfaces are 

developed to explore the benefit of flexibility of the product. Robustness: This 

software is being developed in such a way that the overall performance is 

optimized, and the user can expect the results within a limited time with utmost 

relevancy and correctness. Non-functional requirements are also called the qualities 

of a system. These qualities can be divided into execution quality and evolution 

quality. Execution qualities are security and usability of the system which are 

observed during run time, whereas evolution quality involves testability, 

maintainability, extensibility, or scalability. 

 

3.3.2 Organizational Requirements 

 

Process Standards: The standards defined by w3 are used to develop the 

application which is the standard used by the developers. Design Methods: Design 

is one of the important stages in the software engineering process. This stage is 

the first step in moving from problem to the solution domain. In other words, 

starting with what is needed design takes us to work how to satisfy the need. 

 

3.3.3 Basic Operational Requirements 

 

The customers are those that perform the eight primary functions of systems 

engineering, with special emphasis on the operator as the key customer. 

Operational requirements will define the basic need and, at a minimum, will be 

related to these following points: 

 Mission profile or scenario: It describes about the procedures used to 

accomplish mission objective. It also finds out the effectiveness or efficiency of the 

system. 

 Performance and related parameters: It point out the critical system parameters 

to accomplish the mission. 

 Utilization environments: It gives a brief outline of system usage. Finds out 

appropriate environments for effective system operation. 
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 Operational life cycle: It defines the system lifetime. 
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3.3.4 System Configuration  

Hardware System Configuration: 

 Processor: 2 gigahertz (GHz) or faster processor or SoC 

 RAM: 6 GB for 32-bit or 8 GB for 64-bit 

 Hard disk space: 16GB 

 

Software Configuration: 

 Operating System: Windows XP/7/8/8.1/10, Linux, 

and Mac 

 Coding Language: Python  

 Tools: 

                 1. Pandas  

                 2. NumPy 

                 3. Sklearn 
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CHAPTER 4 

DESCRIPTION OF PROPOSED SYSTEM 
 

It has been shown that deep convolutional neural networks (CNNs) have a great 

ability to learn features from visual data. Because of this, they have been 

consistently used as a base for many computer vision tasks such as image 

classification object detection, semantic and instance segmentation, image 

captioning and more. The success of deep learning models greatly depends on the 

amount of data used for their training. They have a capacity for scaling up and 

increasing in complexity with more training data. Large-scale image datasets such 

as ImageNet, COCO, Pascal VOC, Places, and others, have been proposed for 

training deep convolutional networks. However, collecting and annotating these 

large datasets consisting of millions of images is hard, expensive, and time-

consuming. Moreover, it is prone to human errors and is also limited in building 

models for new domains. For example, annotating medical images requires the 

contribution of an expert in the field. Another example domain is image 

segmentation, where creating annotations is especially tedious manual work. The 

traditional method to use when a large, annotated dataset is not available is to use 

transfer learning. Usually, models with general knowledge trained on ImageNet are 

used as pretrained models and are then fine-tuned for specific tasks. This process 

provides a good starting point for most convolutional models, as they come with 

already learned basic features. 

Based on the methodologies, approaches involving optional user hints can be used 

improve the CNN prediction ability to achieve realistic and optimal results. 

Approach should include training of CNN on randomized data which stimulates user 

input to cover common human errors. An extra neural layer to take input of user 

hints and combine it with trained CNN. The training data set need to be 

exceptionally large to eliminate the dependency of the model on user inputs for 

colorization. To create more accurate and efficient model, large-scale data can be 

leveraged to learn predictions about natural color imagery, and incorporate user 

choices at the same time. Randomly simulating user inputs during the training 

enables us to counter the problem of collecting an exceptionally large number of 

user interactions and the error in user input can be predicted while relying less on 

user inputs and more on the large-scale data from the training set. 
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The grayscale image colorization model for ethnic costumes is proposed, which 

adopts the main network structure of Pix2PixHD. Mainly, the costume fine‐grained 

level semantic information is used as one of the generator network input 

conditions and applied for the first time to the ethnic costume grayscale image 

coloring task. We take the grayscale image X  ℝH W× ×1 and the fine‐ grained 

semantics mask M  ℝH W× ×k as input conditions into our generator model, 

where H and W are the height and width of the images. k is the number of 

categories of fine‐grained semantics in our data set; the size of k shows the 

degree of costume semantic fine grainedness. In other words, the more fine‐

grained semantic categories there are in the data set, the more detailed the 

semantic fine graininess will be. 

The fine‐grained semantic division of the data set should fully reflect the ethnic 

cultural characteristics for colorizing grayscale images of ethnic costumes. As a 

result, our ethnic costume data set has fine‐grained semantics for seven 

categories, sleeves, coats, belts, dresses, pants, leg guards, and accessories are 

all available. Furthermore, to these seven ethnic costume fine‐grained categories, 

the background part of the image is also considered, so a total of eight fine‐

grained categories. We view the task of colorizing grayscale images of ethnic 

costumes as using grayscale image features to predict the values of the color 

features of the corresponding pixels.  

So, the output of the generator model is set to two color channels Y  ℝH W× ×2 

in the CIE Lab color space. The general case is divided into two inputs for the 

discriminator model, real or fake images. We set a single channel of a gray image 

as one of the discriminator inputs, while the results of both color channels 

generated by the generator and the corresponding fine‐grained semantic masks of 

the image are used as discriminator inputs. The three are sequentially 

concatenated as fake images. Meanwhile, the color image and the corresponding 

fine‐grained semantic mask are also concatenated together as the real image. 

Based on the methodologies studies in the survey, approaches involving optional 

user hints can be used improve the CNN prediction ability to achieve realistic and 

optimal results. Approach should include training of CNN on randomized data 

which stimulates user input to cover common human errors. An extra neural layer 

to take input of user hints and combine it with trained CNN. The training data set 
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need to be exceptionally large to eliminate the dependency of the model on user 

inputs for colorization. To create more accurate and efficient model, large-scale 

data can be leveraged to learn predictions about natural color imagery and 

incorporate user choices at the same time. Randomly simulating user inputs 

during the training enables us to counter the problem of collecting an exceptionally 

large number of user interactions and the error in user input can be predicted while 

relying less on user inputs and more on the large-scale data from the training set. 

 
Fig 4.1.1: A Representation of Colored Images Using GAN 

 
Generative Adversarial Networks, or GANs for short, are an approach to generative 

modelling using deep learning methods, such as convolutional neural networks. 

Generative modelling is an unsupervised learning task in machine learning that 

involves automatically discovering and learning the regularities or patterns in input 

data in such a way that the model can be used to generate or output new examples 

that plausibly could have been drawn from the original dataset. 

GANs are a clever way of training a generative model by framing the problem as a 

supervised learning problem with two sub-models: the generator model that we train 

to generate new examples, and the discriminator model that tries to classify 

examples as either real (from the domain) or fake (generated). 
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4.1 SELECTED METHODOLOGY OR PROCESS MODEL 

 

Fig4.1.2: SELECTED METHODOLOGY OR PROCESS MODEL 

 

 

 The two models are trained together in a zero-sum game, adversarial, until 

the discriminator model is fooled about half the time, meaning the generator 

model is generating plausible examples. 

 A CNN is a kind of network architecture for deep learning algorithms and is 

specifically used for image recognition and tasks that involve the processing 

of pixel data. 

 There are other types of neural networks in deep learning, but for identifying 

and recognizing objects, CNNs are the network architecture of choice. 

 First train the generator in a conventional way by itself with just the feature 

loss. Next, generate images from that, and train the critic on distinguishing 

between those outputs and real images as a basic binary classifier. Finally, 

train the generator and critic together in a GAN setting. 

The beauty of this model is that it should be generally useful for all sorts of image 

modification, and it should do it quite well. 
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           Fig 4.1.3: Deep Learning Techniques 

 

 Image Colorization with OpenCV and Deep Learning is used to colorize both 

black and white images and videos. 

 This method does not require manual fixing and requires less human 

interference. 

 It uses different approaches for image colorization such as thresholding, 

gradient, region and classification-based methods for image segmentation, 

morphological operations, operations, erosion, dilation and contour features 

for object measurement and neural network methods for classification. 

 GAN training is crucial to getting the kind of stable and colorful images seen in 

this iteration of images. 

 Transfer-based methods rely on the availability of reference images to 

transfer those colors to the target grayscale images. 
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4.2 ARCHITECTURE / OVERALL DESIGN OF PROPOSED SYSTEM 

 

 

 

   Fig4.2.1: Architecture of Proposed System 

4.3   DESCRIPTION OF SOFTWARE FOR IMPLEMENTATION AND TESTING 

PLAN OF THE PROPOSED MODEL/SYSTEM 

 To Distinguish real and fake images or videos and coloring it using deep 

learning techniques. 

 By implementing Deep Learning algorithms such as CNN, GAN, Deep fakes. 

 Deep fakes a type of algorithm used for detecting the fake images or videos.     

 By using CNN, the image/video can be converted into background and object 

data. 

 By using GAN, the image can be colorized based on input images/videos. 

 

4.4 PROJECT MANAGEMENT PLAN 

Introduction September 1-30 

Literature Survey October 1-31 

System Design November 1-30 

System Implementation December 1-31 

Testing January 1-30 
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CHAPTER 5 

IMPLEMENTATION DETAILS  

5.1 DEVLOPMENT AND DEPLOYMENT SETUP 

 

5.1.1 IMAGE DEPLOYMENT AND SETUP: 

Colorization of black and white images has been a fascinating field of 

research for many years, and with the advent of machine learning techniques, it has 

become much easier to automate the process. In this project, we will explore the 

deployment of image colorization using Python, one of the most popular 

programming languages for machine learning and computer vision. 

The first step in deploying an image colorization model using Python is to 

gather the necessary data. This can be done in a variety of ways, but the most 

common approach is to use publicly available datasets, such as ImageNet, which 

contains millions of images spanning thousands of categories. Once the data has 

been collected, it needs to be preprocessed to ensure that it is suitable for use in 

training a machine learning model. This typically involves resizing, cropping, and 

normalizing the images to make them consistent in size and color. 

Once the data has been preprocessed, the next step is to train the machine 

learning model. There are many different algorithms that can be used for image 

colorization, but one of the most popular is the Convolutional Neural Network (CNN). 

This type of neural network is well-suited for image processing tasks because it can 

learn to recognize complex patterns in images and can be trained to perform 

colorization by optimizing a loss function that measures the difference between the 

predicted and ground-truth colors. 

To train a CNN model for image colorization, we first need to define the 

architecture of the model. This involves specifying the number and type of layers that 

will be used, as well as the activation functions that will be applied at each layer. 

Once the architecture has been defined, we can begin training the model using the 

preprocessed data. 

Training a machine learning model can be a time-consuming process, 

especially if the dataset is large. However, there are many techniques that can be 
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used to speed up the process, such as using GPUs to parallelize computations and 

using data augmentation to generate additional training examples. Once the model 

has been trained, it can be evaluated on a separate validation set to assess its 

performance. 

Once the model has been trained and validated, it can be deployed for use in 

colorizing new images. This typically involves loading the trained model into memory 

and using it to predict the colors of grayscale images. In Python, this can be done 

using a variety of libraries, such as TensorFlow or PyTorch, which provide high-level 

abstractions for working with neural networks. 

There are many applications of image colorization, including restoring 

historical photographs, enhancing medical images, and improving the visual quality 

of video games and movies. By deploying an image colorization model using Python, 

we can automate the process of colorizing images and make it accessible to a wider 

range of users. 

In conclusion, deploying an image colorization model using Python involves several 

steps, including data collection and pre-processing, model training, and deployment. 

While the process can be time-consuming, the results can be impressive, and there 

are many potential applications of the technology. By leveraging the power of 

machine learning and computer vision, we can bring new life to old images and 

enhance the visual quality of the media we consume. 
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FIG 5.1.1.1: Grayscale to Colored Image 

 

  



27  

 

5.1.2 VIDEO DEPLOYMENT AND SETUP: 

Colorizing black and white videos has been a challenge for many years, but 

with the advancements in deep learning and computer vision, it has become easier 

to automate the process. In this project, we will explore the deployment of video 

colorization using Python, one of the most popular programming languages for 

machine learning and computer vision. 

The first step in deploying a video colorization model using Python is to gather 

the necessary data. This can be done in a variety of ways, but the most common 

approach is to use publicly available video datasets, such as YouTube-8M, which 

contains millions of videos spanning various categories. Once the data has been 

collected, it needs to be preprocessed to ensure that it is suitable for use in training a 

machine learning model. This typically involves resizing, cropping, and normalizing 

the videos to make them consistent in size and color. 

Once the data has been preprocessed, the next step is to train the machine 

learning model. There are many different algorithms that can be used for video 

colorization, but one of the most popular is the Recurrent Neural Network (RNN). 

This type of neural network is well-suited for video processing tasks because it can 

learn to recognize complex spatiotemporal patterns in videos and can be trained to 

perform colorization by optimizing a loss function that measures the difference 

between the predicted and ground-truth colors. 

To train an RNN model for video colorization, we first need to define the 

architecture of the model. This involves specifying the number and type of layers that 

will be used, as well as the activation functions that will be applied at each layer. 

Once the architecture has been defined, we can begin training the model using the 

preprocessed data. 

Training a machine learning model for video colorization can be a time-

consuming process, especially if the dataset is large. However, there are many 

techniques that can be used to speed up the process, such as using GPUs to 

parallelize computations and using data augmentation to generate additional training 

examples. Once the model has been trained, it can be evaluated on a separate 

validation set to assess its performance. 
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Once the model has been trained and validated, it can be deployed for use in 

colorizing new videos. This typically involves loading the trained model into memory 

and using it to predict the colors of grayscale videos. In Python, this can be done 

using a variety of libraries, such as TensorFlow or PyTorch, which provide high-level 

abstractions for working with neural networks. 

There are many applications of video colorization, including restoring 

historical videos, enhancing the visual quality of movies, and improving the realism 

of video game graphics. By deploying a video colorization model using Python, we 

can automate the process of colorizing videos and make it accessible to a wider 

range of users. 

In conclusion, deploying a video colorization model using Python involves 

several steps, including data collection and preprocessing, model training, and 

deployment. While the process can be time-consuming, the results can be 

impressive, and there are many potential applications of the technology. By 

leveraging the power of machine learning and computer vision, we can bring new life 

to old videos and enhance the visual quality of the media we consume. 
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FIG 5.1.2.2: Video Colorization with its Render factors 
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5.1.3 DEEP FAKE DETECTION DEPLOYMENT AND SETUP: 

Deepfake technology has raised concerns about the potential for malicious 

actors to create convincing fake videos that can be used for deception and 

propaganda. However, researchers have also been developing deepfake detection 

models that can help identify fake videos and prevent their spread. In this project, we 

will explore the deployment of deepfake detection using Python, one of the most 

popular programming languages for machine learning and computer vision. 

The first step in deploying a deepfake detection model using Python is to 

gather the necessary data. This can be done by collecting examples of both real and 

fake videos and using them to train a machine learning model. There are many 

publicly available datasets that can be used for this purpose, such as the Deepfake 

Detection Challenge (DFDC) dataset, which contains thousands of real and fake 

videos created by a diverse group of participants. 

Once the data has been collected, the next step is to preprocess it to make it 

suitable for use in training a machine learning model. This typically involves resizing 

and normalizing the videos to make them consistent in size and color. It may also 

involve extracting features from the videos, such as facial landmarks or optical flow, 

that can be used to distinguish between real and fake videos. 

The next step is to train the deepfake detection model. There are many 

different algorithms that can be used for this task, including Convolutional Neural 

Networks (CNNs) and Recurrent Neural Networks (RNNs). These models can be 

trained to identify features in the videos that are indicative of deepfakes, such as 

inconsistent facial expressions or artifacts introduced during the editing process. 

To train a deepfake detection model, we first need to define the architecture of 

the model. This involves specifying the number and type of layers that will be used, 

as well as the activation functions that will be applied at each layer. Once the 

architecture has been defined, we can begin training the model using the pre-

processed data. 

Training a deepfake detection model can be a time-consuming process, 

especially if the dataset is large. However, there are many techniques that can be 

used to speed up the process, such as using GPUs to parallelize computations and 
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using transfer learning to leverage pre-trained models. Once the model has been 

trained, it can be evaluated on a separate validation set to assess its performance. 

Once the model has been trained and validated, it can be deployed for use in 

detecting deepfakes. This typically involves loading the trained model into memory 

and using it to predict the probability that a given video is a deepfake. In Python, this 

can be done using a variety of libraries, such as TensorFlow or PyTorch, which 

provide high-level abstractions for working with neural networks. 

There are many potential applications of deepfake detection, including 

preventing the spread of fake news, protecting against political manipulation, and 

ensuring the authenticity of legal evidence. By deploying a deepfake detection model 

using Python, we can automate the process of identifying deepfakes and make it 

accessible to a wider range of users. 

In conclusion, deploying a deepfake detection model using Python involves 

several steps, including data collection and pre-processing, model training, and 

deployment. While the process can be complex and time-consuming, the results can 

be powerful, and there are many potential applications of the technology. By 

leveraging the power of machine learning and computer vision, we can help protect 

against the spread of deepfakes and ensure the authenticity of the media we 

consume. 

FIG 5.1.3.1 Deepfake Detection with Model Confidence 
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5.2 ALGORITHMS 

5.2.1 Image Colorization Algorithms:  

Image colorization is a process of adding color to black and white or grayscale 

images. It is a popular technique used in various fields such as restoration of old 

photographs, movie colorization, and digital art. In recent years, with the 

advancements in machine learning and deep learning, various algorithms have been 

developed for automatic image colorization. In this project, we will discuss some of 

the popular algorithms used for image colorization using Python. 

 Colorful Image Colorization: 

Colorful Image Colorization is a deep learning-based algorithm that was 

proposed by researchers from the University of California, Berkeley. This 

algorithm uses a deep neural network to predict the chrominance values 

(color information) of an image based on its luminance values (brightness 

information). The neural network is trained on a large dataset of color images 

and grayscale images. The Colorful Image Colorization algorithm is 

implemented in Python using the PyTorch deep learning framework. 

 

 Colorization using Optimization: 

Colorization using Optimization is a classic algorithm that was proposed in 

2004 by Levin, Lischinski, and Weiss. This algorithm is based on the 

assumption that neighboring pixels in an image tend to have similar color 

values. It uses a graph-based optimization technique to propagate color 

information from the known-colored pixels to the unknown grayscale pixels. 

The Colorization using Optimization algorithm is implemented in Python using 

the OpenCV computer vision library. 

 

 Automatic Colorization with Deep Learning: 

Automatic Colorization with Deep Learning is another deep learning-based 

algorithm that was proposed by researchers from the University of Montreal. 

This algorithm uses a convolutional neural network (CNN) to learn the color 

mapping function from grayscale images to color images. The network is 

trained on a large dataset of color images and grayscale images using a loss 

function that compares the predicted color values with the ground truth color 
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values. The Automatic Colorization with Deep Learning algorithm is 

implemented in Python using the Keras deep learning library. 

 

 Joint Bilateral Upsampling: 

Joint Bilateral Upsampling is an algorithm that was proposed by Barron and 

Poole in 2016. This algorithm is based on the idea of using bilateral filtering to 

preserve the edges in the image while propagating color information. It uses a 

joint bilateral Upsampling technique to upsample the color information from a 

lower resolution color image to a higher resolution grayscale image. The Joint 

Bilateral Upsampling algorithm is implemented in Python using the OpenCV 

computer vision library. 

 

 Generative Adversarial Networks (GANs): 

Generative Adversarial Networks (GANs) are a type of deep learning model 

that can learn to generate realistic images from random noise. GANs can also 

be used for image colorization by training the generator network to predict the 

chrominance values of an image based on its luminance values. The 

discriminator network is trained to distinguish between the generated color 

images and the ground truth color images. The GAN-based image colorization 

algorithm is implemented in Python using the TensorFlow deep learning 

library. 

In conclusion, image colorization is an interesting and challenging problem 

that has been tackled by various algorithms. The algorithms discussed in this project 

are just a few examples of the many approaches that have been proposed for this 

problem. With the advancements in machine learning and deep learning, we can 

expect to see more sophisticated and accurate algorithms for image colorization in 

the future. 

 

5.2.2 Video Colorization Algorithms: 

Video colorization is a process of adding color to black and white or grayscale 

videos to make them more visually appealing and realistic. This process is often 

used in project filmmaking to recreate historical events and make them more 

relatable to modern audiences. In recent years, there has been an increase in the 
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use of machine learning algorithms to automate the video colorization process. In 

this article, we will discuss some of the most popular algorithms used for video 

colorization in Python. 

 Deep Learning-based Video Colorization: 

Deep learning-based video colorization is one of the most popular algorithms 

used for video colorization. It uses deep neural networks to learn the color 

distribution of images from a large dataset of colored images. This algorithm 

works by training a neural network to predict the color of each pixel in a 

grayscale image based on its position and surrounding pixels. The network is 

trained on a large dataset of colored images to learn the color distribution and 

patterns. 

 

 There are different deep learning architectures that can be used for video 

colorization, such as convolutional neural networks (CNNs) and recurrent neural 

networks (RNNs). One of the popular deep learning-based video colorization 

algorithms is Colorful Image Colorization, which was introduced by Zhang et al. in 

2016. This algorithm uses a CNN to predict the color distribution of an image and 

then maps the predicted distribution to the original grayscale image. 

 

 Jantic Deoldify uses a combination of techniques, including convolutional neural 

networks (CNNs) and generative adversarial networks (GANs), to colorize 

images and videos. CNNs are a type of neural network commonly used for image 

and video processing, while GANs are a type of neural network that can generate 

new content based on existing data. 

 

 The first step in the Jantic Deoldify algorithm is to use a pre-trained CNN to 

identify the objects and features in each frame of the black and white video. This 

allows the algorithm to create a detailed understanding of the scene, including 

the shapes and positions of objects and the lighting conditions. Next the 

algorithm uses a GAN to generate a colorized version of each frame based on 

the features identified by the CNN. The GAN consists of two neural networks: a 

generator and a discriminator. The generator creates new colorized frames 

based on the features identified by the CNN, while the discriminator evaluates the 

quality of the generated frames and provides feedback to the generator to help 
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improve its performance. 

 

 One of the key challenges in video colorization is maintaining consistency and 

coherence across multiple frames. To address this challenge, Jantic Deoldify 

uses a technique called temporal coherence, which ensures that the colorization 

of each frame is consistent with the colors used in adjacent frames. 

 

 In addition to the technical aspects of the algorithm, Jantic Deoldify also relies on 

a large and diverse training dataset. Antic trained the algorithm on a dataset of 

over 1 million images, including photographs, paintings, and film stills from a wide 

range of time periods and artistic styles. This allows the algorithm to generalize 

well to a variety of different video types and styles. 

 

 Overall, Jantic Deoldify is a powerful and effective tool for video colorization, 

leveraging advanced deep learning techniques to create high-quality colorized 

footage. While the algorithm is still evolving and improving, it has already been 

used to colorize a wide range of historical footage, bringing new life and 

relevance to these important artifacts of our collective past. 

 

5.2.3 DEEPFAKE DETECTION ALGORITHMS: 

 

Deepfake technology has been gaining popularity over the past few years, and it is 

increasingly being used for malicious purposes such as spreading misinformation, 

creating fake news, and impersonating public figures. To counter this growing threat, 

researchers have been developing algorithms that can detect deepfakes with a high 

degree of accuracy. In this project, we will explore some of the algorithms used for 

deepfake detection using Python. 

 Convolutional Neural Networks (CNNs): 

Convolutional Neural Networks (CNNs) are widely used in computer vision 

tasks such as object detection, image classification, and face recognition. In 

the context of deepfake detection, CNNs can be trained to distinguish 

between real and fake videos by analyzing the facial features of the subjects. 

The CNN model is trained on a large dataset of real and fake videos, and it 
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learns to recognize the subtle differences in facial expressions and 

movements that are unique to everyone. 

 

 Generative Adversarial Networks (GANs): 

Generative Adversarial Networks (GANs) are a type of neural network 

architecture that can be used to generate realistic images and videos. 

However, they can also be used for deepfake detection. The idea behind 

using GANs for deepfake detection is to use one GAN to generate fake videos 

and another GAN to detect them. The detection GAN is trained on a dataset 

of real and fake videos, and it learns to distinguish between them based on 

the differences in pixel values and facial features. 

 

 Recurrent Neural Networks (RNNs): 

Recurrent Neural Networks (RNNs) are another type of neural network 

architecture that can be used for deepfake detection. RNNs are particularly 

useful for analyzing sequential data such as videos, which consist of a series 

of frames. The RNN model is trained on a dataset of real and fake videos, and 

it learns to recognize the temporal patterns and movements that are unique to 

each individual. RNNs can be combined with CNNs to create more powerful 

deepfake detection models. 

 Capsule Networks: 

Capsule Networks are a relatively new type of neural network architecture that 

can be used for deepfake detection. Capsule Networks are designed to be 

more efficient and robust than traditional CNNs, and they can learn to 

recognize complex patterns in images and videos. The Capsule Network 

model is trained on a dataset of real and fake videos, and it learns to 

recognize the subtle differences in facial expressions and movements that are 

unique to each individual. 

 Support Vector Machines (SVMs): 

Support Vector Machines (SVMs) are a type of machine learning algorithm 

that can be used for deepfake detection. SVMs work by finding the 

hyperplane that separates the real and fake videos in the feature space. The 

SVM model is trained on a dataset of real and fake videos, and it learns to 

classify new videos based on their features. SVMs can be combined with 
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other machine learning algorithms such as CNNs and RNNs to create more 

powerful deepfake detection models. 
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5.3 TESTING 

5.3.1 Image Testing: 

Image colorization is the process of adding color to black and white or grayscale 

images. It has become a popular topic in recent years due to the development of 

various deep learning techniques. In this project, we will explore how testing is used 

for image colorization using Python. 

 The first step in image colorization is to convert the grayscale image into a 

color image. This is done using various algorithms and techniques. In recent 

years, deep learning-based methods have become popular due to their 

accuracy and robustness. 

 

 One of the most popular deep learning-based methods for image colorization 

is based on Convolutional Neural Networks (CNNs). CNNs are a type of deep 

neural network that is commonly used in computer vision applications. They 

are particularly good at processing image data and can be trained to perform 

various tasks, including image colorization. 

 
 

 To train a CNN for image colorization, we need a large dataset of grayscale 

images and their corresponding color images. The grayscale images are used 

as input to the network, and the network is trained to predict the 

corresponding color image. 

 

 The training process involves several steps. First, the network is initialized 

with random weights. Then, the grayscale images are fed into the network, 

and the network outputs the predicted color image. The predicted color image 

is compared to the ground truth color image using a loss function, and the 

weights of the network are updated to minimize the loss. 

 
 

 This process is repeated for multiple epochs until the network achieves a 

satisfactory level of accuracy. Once the network is trained, it can be used to 

colorize new grayscale images. 
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 Python is a popular programming language for image colorization due to its 

ease of use and the availability of various libraries and tools. One of the most 

popular libraries for deep learning in Python is TensorFlow. TensorFlow 

provides a high-level API for building and training deep neural networks, 

including CNNs. 

 Another popular library for image colorization in Python is OpenCV. OpenCV 

is an open-source computer vision library that provides various algorithms and 

tools for image processing, including colorization. 

 

 To perform image colorization using Python, we first need to install the 

required libraries and tools. This can be done using package managers like 

pip or conda. Once the required libraries are installed, we can write Python 

code to load the grayscale image, preprocess it, and pass it through the 

trained CNN to generate the colorized image. 

 
 

 In conclusion, image colorization is a fascinating topic that has gained a lot of 

attention in recent years. Deep learning-based methods, particularly CNNs, 

have shown remarkable results in this field. Python is a popular programming 

language for image colorization due to its ease of use and the availability of 

various libraries and tools. With the help of these tools, we can colorize black 

and white or grayscale images and bring them to life. 

5.3.2 VIDEO COLORIZATION TESTING: 

Video colorization is the process of adding color to black and white or 

monochromatic videos. It is a technique that is commonly used in the film industry to 

restore old movies, as well as in documentaries to bring historical footage to life. 

Python is a powerful programming language that can be used for video colorization, 

and in this article, we will discuss the techniques and tools used for this process. 

 There are various techniques used for video colorization, including manual 

coloring, automatic colorization, and deep learning-based colorization. Manual 

coloring is a time-consuming process where an artist manually adds color to 

each frame of the video. While this technique produces high-quality results, it 



41  

 

is not practical for large-scale projects. Automatic colorization, on the other 

hand, uses algorithms to estimate the color of each pixel based on its 

surrounding pixels. However, this technique often produces inaccurate 

results, especially in complex scenes. Deep learning-based colorization is a 

technique that uses neural networks to learn the color distribution of images 

and then applies this knowledge to colorize videos. 

 

 Python provides various libraries and tools for video colorization, including 

OpenCV, TensorFlow, and PyTorch. OpenCV is an open-source computer 

vision library that can be used for various image and video processing tasks. 

It provides various image processing algorithms, including colorization. 

TensorFlow and PyTorch are deep learning frameworks that can be used for 

video colorization. They provide pre-trained models and tools for training 

custom models for specific tasks. 

 
 To colorize a video using Python, we first need to extract the frames from the 

video. This can be done using OpenCV's Video Capture function. Once the 

frames are extracted, we can apply the colorization technique of our choice to 

each frame. For deep learning-based colorization, we can use pre-trained 

models available in TensorFlow or PyTorch. Alternatively, we can train our 

own models using these frameworks. 

 
 One popular deep learning-based colorization model is the Colorful Image 

Colorization model. This model was trained on a large dataset of images and 

uses a convolutional neural network to learn the color distribution of images. 

To use this model for video colorization, we can apply it to each frame of the 

video and then combine the colorized frames to create a colorized video. 

 
 Another deep learning-based colorization model is the Deoldify model. This 

model uses a generative adversarial network (GAN) to colorize black and 

white images. To use this model for video colorization, we can apply it to each 

frame of the video and then combine the colorized frames to create a 

colorized video. 
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 In addition to deep learning-based colorization, there are other techniques 

that can be used for video colorization using Python. For example, we can 

use color transfer techniques to transfer the color from a reference image to 

the video frames. We can also use image segmentation techniques to 

separate the foreground and background of the video frames and apply 

different colorization techniques to each segment. 

 
 In conclusion, video colorization is a powerful technique that can be used to 

bring historical footage to life. Python provides various tools and libraries for 

video colorization, including deep learning-based techniques, such as Colorful 

Image Colorization and DeOldify, as well as other techniques, such as color 

transfer and image segmentation. With these tools, we can colorize black and 

white or monochromatic videos to create visually appealing documentaries 

that capture the imagination of audiences. 

5.3.3 DEEPFAKE DETECTION TESTING: 
 

Deepfakes are a type of synthetic media that involves the use of deep learning 

algorithms to create fake images, videos, or audio that are almost indistinguishable 

from real ones. While deepfakes have been used for harmless fun such as creating a 

video of a celebrity singing a popular song or creating a funny meme, they can also 

be used for malicious purposes such as spreading misinformation, propaganda, or 

revenge porn. 

 

 The rise of deepfakes has led to an increased interest in detecting them. In 

recent years, many researchers have developed methods for detecting 

deepfakes using various techniques such as analyzing facial movements, 

inconsistencies in lighting and shadows, and inconsistencies in audio quality. 

 

 In this project, we will explore the use of Python for deepfake detection 

testing. Python is a popular programming language used in machine learning 

and artificial intelligence applications. It has a wide range of libraries and tools 

that can be used for deepfake detection testing. 

 

 First, we will explore the basics of deepfake detection and the different types 
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of deepfakes. We will then delve into the different techniques used for 

deepfake detection testing such as analyzing facial movements and 

inconsistencies in lighting and shadows. We will also explore the challenges 

associated with deepfake detection, such as the need for large datasets and 

the constantly evolving nature of deepfakes. 

 

 Next, we will introduce Python and its various libraries and tools that can be 

used for deepfake detection testing. We will discuss the OpenCV library, 

which can be used for facial recognition and analysis, and the TensorFlow 

library, which is commonly used for deep learning applications. We will also 

explore other libraries and tools such as Keras, PyTorch, and scikit-learn. 

 

 We will then demonstrate how to use Python for deepfake detection testing by 

creating a simple program that analyzes a video for deepfakes. The program 

will use a pre-trained deep learning model to analyze the video for 

inconsistencies in facial movements and lighting. We will walk through the 

code step-by-step and explain how it works. 

 

 We will also explore more advanced techniques for deepfake detection testing 

using Python. We will discuss the use of generative adversarial networks 

(GANs) for deepfake generation and detection and how Python can be used 

to train and test GAN models. 

 

 Finally, we will discuss the ethical implications of deepfake detection, and the 

potential risks associated with deepfake detection testing. We will explore the 

potential for false positives and the impact that deepfake detection testing can 

have on personal privacy and freedom of expression. 

 

 In conclusion, deepfake detection is an important area of research that 

requires the use of advanced technologies such as machine learning and 

artificial intelligence. Python is a powerful programming language that can be 

used for deepfake detection testing, and it has a wide range of libraries and 

tools that can be leveraged for this purpose. By understanding the basics of 

deepfake detection and the use of Python for testing, we can work towards 
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creating a safer and more trustworthy media landscape. 

 

CHAPTER 6 

RESULT AND DISCUSSION 

IMAGE: 

 Image colorization is the process of adding color to a grayscale image or 

restoring the color of a faded or damaged color image. This process is often 

used in historical photographs or movies, where the color was not captured at 

the time of the recording. In recent years, deep learning techniques have 

been used to automate the process of image colorization. 

 In this project, we will explore the use of Python for image colorization. Python 

is a popular programming language used in machine learning and artificial 

intelligence applications. It has a wide range of libraries and tools that can be 

used for image processing and colorization. 

 First, we will discuss the basics of image colorization and the different 

techniques used for colorizing grayscale images. We will explore the use of 

colorization algorithms such as K-means clustering, deep neural networks, 

and generative adversarial networks (GANs). We will also discuss the 

advantages and limitations of each technique. 

 Next, we will introduce Python and its various libraries and tools that can be 

used for image colorization. We will discuss the use of the OpenCV library for 

image processing, the TensorFlow library for deep learning, and the Keras 

library for building deep neural networks. We will also explore other libraries 

and tools such as scikit-learn, NumPy, and Pandas. 

 We will then demonstrate how to use Python for image colorization by 

creating a simple program that colorizes a grayscale image. The program will 

use a pre-trained deep neural network to predict the color of each pixel in the 

grayscale image. We will walk through the code step-by-step and explain how 

it works. 

 We will also explore more advanced techniques for image colorization using 

Python. We will discuss the use of GANs for image colorization and how 

Python can be used to train and test GAN models. We will also discuss the 

potential benefits and limitations of using GANs for image colorization. 

 Finally, we will discuss the ethical implications of image colorization and the 
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potential risks associated with automated image processing. We will explore 

the potential for bias in the colorization process and the impact that 

colorization can have on historical accuracy and cultural heritage. 

 In conclusion, image colorization is an important area of research that 

requires the use of advanced technologies such as machine learning and 

artificial intelligence. Python is a powerful programming language that can be 

used for image colorization, and it has a wide range of libraries and tools that 

can be leveraged for this purpose. By understanding the basics of image 

colorization and the use of Python for processing and colorization, we can 

work towards creating a more accurate and culturally sensitive representation 

of the past. 

 
VIDEO: 

 Video colorization is a process of adding color to black and white video 

footage. The process involves using various algorithms to predict and 

estimate the original colors of the objects in the video based on various 

contextual cues, such as scene lighting and object shape. In recent years, 

video colorization has become increasingly popular due to its ability to 

enhance the visual appeal of old and historic footage. In this document, we 

will discuss the process of video colorization using Python, and its 

significance in the context of project filmmaking. 

 Video colorization using Python involves a combination of machine learning 

and computer vision techniques. The process begins with the conversion of 

the black and white video footage into individual frames or images. Each 

image is then fed into a deep learning model that has been trained on a large 

dataset of colored images. The model then uses various techniques such as 

convolutional neural networks (CNNs) and generative adversarial networks 

(GANs) to predict the original colors of the objects in the image. 

 One of the significant advantages of video colorization using Python is its 

ability to produce high-quality colorized videos with minimal human 

intervention. Unlike traditional manual colorization, which requires significant 

human effort and expertise, video colorization using Python can automate the 

process and produce accurate and consistent results. 

 In the context of project filmmaking, video colorization can play a significant 
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role in bringing historic footage to life. Many project filmmakers use black and 

white footage to depict historical events, but the lack of color can sometimes 

make the footage feel distant and disconnected from reality. By colorizing the 

footage, project filmmakers can create a more immersive experience for the 

audience, making them feel like they are witnessing the events firsthand. 

 However, there are also some concerns about the ethical implications of video 

colorization in the context of project filmmaking. Some critics argue that 

adding color to historic footage can distort the historical accuracy of the 

footage, as it can create a false sense of reality. Others argue that colorizing 

footage can erase the cultural and historical significance of black and white 

footage, which was often used to depict the harsh realities of the past. 

 Despite these concerns, video colorization using Python has become a 

popular tool in the project filmmaking industry. Many filmmakers have used 

video colorization to create powerful and emotionally impactful documentaries 

that resonate with audiences. For example, the Netflix project series "The 

Vietnam War" uses video colorization to bring historic footage to life and 

create a more immersive experience for viewers. 

 In conclusion, video colorization using Python is a powerful tool that can 

enhance the visual appeal of black and white footage and create a more 

immersive experience for viewers. While there are concerns about its ethical 

implications, it has become a popular tool in the project filmmaking industry. 

As technology continues to evolve, it is likely that video colorization will 

become an even more prevalent tool in the film industry, allowing filmmakers 

to create powerful and emotionally impactful documentaries that resonate with 

audiences. 

 

DEEPFAKE DETECTION: 

 Deepfake detection has become an increasingly important field in recent 

years due to the growing concern over the potential misuse of deepfake 

technology. Deepfake technology is a form of artificial intelligence that can 

create realistic-looking videos or images of people saying or doing things they 

never actually did. These types of videos can be used to spread 

disinformation, manipulate public opinion, or even blackmail individuals. 
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 Python is a popular programming language that is widely used for deepfake 

detection. There are several libraries and frameworks available in Python that 

can be used to detect deepfakes. In this project, we will discuss some of the 

popular Python libraries and frameworks that are used for deepfake detection. 

 One of the most popular Python libraries for deepfake detection is 

DeepFaceLab. It is an open-source project that uses deep learning algorithms 

to detect and remove deepfake images and videos. The library can detect 

several types of deepfake manipulations, such as face-swapping, facial 

expression manipulation, and lip-syncing. DeepFaceLab also provides a user-

friendly interface that allows users to train and test deep learning models. 

 Another popular Python library for deepfake detection is FaceForensics++. It 

is a collection of deep learning models that can detect various types of 

deepfake manipulations, including face-swapping, reenactment, and 

manipulation of facial expressions. The library uses a combination of image 

and video analysis techniques to detect deepfakes. 

 OpenCV is another popular Python library that can be used for deepfake 

detection. It is an open-source computer vision library that provides several 

image processing and analysis functions. OpenCV can be used to detect 

deepfake images and videos by analyzing the facial features of the person in 

the image or video. It can also be used to track the movement of the person's 

eyes, mouth, and other facial features to detect any inconsistencies that may 

indicate a deepfake manipulation. 

 There are also several Python frameworks that can be used for deepfake 

detection. One such framework is TensorFlow, which is a popular machine 

learning framework that can be used to develop deep learning models for 

detecting deepfakes. TensorFlow provides several pre-trained models that 

can be used for deepfake detection, and it also allows users to train their own 

models using their own datasets. 

 Another popular Python framework for deepfake detection is PyTorch. It is an 

open-source machine learning framework that is widely used for developing 

deep learning models. PyTorch provides several pre-trained models that can 

be used for deepfake detection, and it also allows users to train their own 

models using their own datasets. 

 In conclusion, deepfake detection is an important field that is becoming increasingly 
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important in today's digital world. Python is a popular programming language that 

can be used for deepfake detection, and there are several libraries and frameworks 

available in Python that can be used for this purpose. Some of the popular Python 

libraries and frameworks for deepfake detection include DeepFaceLab, 

FaceForensics++, OpenCV, TensorFlow, and PyTorch. By using these tools, 

researchers and developers can develop more advanced deepfake detection 

techniques and help mitigate the potential harm caused by deepfake technology. 
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CHAPTER 7 

CONCLUSION 

7.1 CONCLUSION: 

 

Image: 

 In conclusion, image colorization using Python is a powerful tool that can 

bring new life to old photographs and enhance the visual appeal of modern 

images. The process of image colorization involves the use of various 

algorithms and techniques, including deep learning and computer vision, to 

predict and estimate the original colors of objects in the image. 

 

 One of the significant advantages of image colorization using Python is its 

ability to automate the process and produce accurate and consistent results 

with minimal human intervention. This has significant implications for a variety 

of industries, including advertising, media, and entertainment, where the 

visual appeal of images is critical to their success. 

 

 Moreover, image colorization using Python has significant applications in the 

field of historical preservation. Many museums, archives, and historical 

societies use black and white photographs to depict historical events and 

document the past. However, the lack of color can sometimes make the 

images feel distant and disconnected from reality. By colorizing these images, 

historical preservationists can create a more immersive experience for 

visitors, making them feel like they are witnessing history firsthand. 

 

 However, there are also some concerns about the ethical implications of 

image colorization, particularly in the context of historical preservation. Some 

critics argue that adding color to historic photographs can distort their 

historical accuracy, as it can create a false sense of reality. Others argue that 

colorizing images can erase the cultural and historical significance of black 

and white photography, which was often used to depict the harsh realities of 

the past. 
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 Despite these concerns, image colorization using Python has become a 

popular tool in the historical preservation industry. Many museums and 

archives have used image colorization to create powerful and emotionally 

impactful exhibits that resonate with visitors. For example, the National 

Geographic Society used image colorization to bring the photographs of Lewis 

Hine to life in their "Child Labor in America" exhibit. 

 

 In addition to historical preservation, image colorization using Python has 

significant applications in the film and entertainment industry. Many 

filmmakers and photographers use black and white images to create a 

specific mood or aesthetic, but the lack of color can sometimes feel limiting. 

By colorizing these images, they can create a more dynamic and visually 

stunning product. 

 

 In conclusion, image colorization using Python is a powerful tool with 

significant applications in a variety of industries. While there are concerns 

about its ethical implications, it has become a popular tool in the historical 

preservation and entertainment industries. As technology continues to evolve, 

it is likely that image colorization will become an even more prevalent tool, 

allowing us to bring new life to old photographs and enhance the visual 

appeal of modern images.  

Video: 

 Video colorization is a process that has revolutionized the way we perceive 

and experience historic footage. With the help of Python and deep learning 

algorithms, it has become possible to add color to black and white videos, 

creating a more immersive experience for viewers. 

 

 In this document, we have discussed the process of video colorization using 

Python and its significance in the context of project filmmaking. We have seen 

how video colorization can enhance the visual appeal of black and white 

footage and create a more immersive experience for viewers. Additionally, we 

have explored some of the ethical concerns surrounding video colorization 

and its potential impact on the historical accuracy of footage. 

 



51  

 

 Despite these concerns, video colorization has become a popular tool in the 

project filmmaking industry. Many filmmakers have used video colorization to 

create powerful and emotionally impactful documentaries that resonate with 

audiences. By adding color to historic footage, filmmakers can bring the past 

to life, creating a more intimate and relatable experience for viewers. 

 

 Moreover, video colorization is not just limited to historic footage. It can also 

be used to enhance modern-day footage, providing a unique and creative way 

to tell a story. Additionally, it can be used to create artistic and aesthetic 

effects, adding a new dimension to the visual language of film. 

 

 As technology continues to evolve, we can expect video colorization to 

become an even more prevalent tool in the film industry. With the help of deep 

learning algorithms and computer vision techniques, it is possible to create 

highly accurate and realistic colorized footage. Additionally, as more and more 

historic footage is digitized and made available online, video colorization can 

play an important role in preserving and presenting our shared history to 

future generations. 

 

 In conclusion, video colorization using Python is a powerful tool that has the 

potential to transform the way we experience and understand historic footage. 

While it is important to consider the ethical implications of video colorization, it 

has become a popular tool in the project filmmaking industry, creating 

powerful and emotionally impactful films that resonate with audiences. As 

technology continues to advance, we can expect video colorization to play an 

even more significant role in the film industry, creating new possibilities for 

visual storytelling and preserving our shared history for future generations. 

 
Deepfake Detection: 

 Deepfake technology has become increasingly sophisticated in recent years, 

leading to concerns about its potential misuse in the realm of fake news, 

propaganda, and other forms of malicious misinformation. In response to this 

growing concern, researchers and developers have been working on 

developing tools and techniques to detect deepfakes and prevent their 
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spread. In this document, we have discussed the process of deepfake 

detection using Python, and its significance in the context of project 

filmmaking. 

 

 Deepfake detection using Python involves a combination of machine learning 

and computer vision techniques. The process begins with the extraction of 

facial features from the video, which are then compared to a database of 

known faces. If the facial features do not match any of the known faces, then 

it is considered a potential deepfake. Additionally, the process involves 

analyzing the video for inconsistencies in lighting, shadows, and other visual 

artifacts that may indicate tampering or manipulation. 

 

 One of the significant advantages of deepfake detection using Python is its 

ability to detect even the most advanced deepfakes with high accuracy. Unlike 

traditional manual detection, which can be time-consuming and prone to 

errors, deepfake detection using Python can automate the process and 

produce accurate and consistent results. 

 

 In the context of project filmmaking, deepfake detection can play a significant 

role in ensuring the accuracy and authenticity of the footage. Project 

filmmakers often rely on video footage to depict historical events or tell 

stories. Still, the use of deepfakes in such footage can distort the truth and 

mislead viewers. By using deepfake detection techniques, project filmmakers 

can ensure the authenticity of the footage, prevent the spread of 

misinformation, and protect the integrity of their work. 

 

 However, there are also concerns about the limitations of deepfake detection 

technology. As deepfake technology continues to evolve, so too must the 

detection techniques. It is a game of cat and mouse where both parties keep 

advancing their technology. Additionally, deepfake detection can be resource-

intensive, requiring specialized hardware and software, which may not be 

accessible to all filmmakers. 

 

 Despite these limitations, deepfake detection using Python has become an 
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essential tool in the fight against deepfake technology. As more and more 

people become aware of the dangers of deepfakes, it is likely that deepfake 

detection will become an increasingly important part of the project filmmaking 

process. 

 
7.2 FUTURE WORK: 

 

 There are several avenues for future work in the field of image colorization 

using Python. One area of focus could be the development of more 

sophisticated deep learning models that can accurately predict the colors of 

objects in complex scenes. Another area of interest could be the exploration 

of the ethical implications of image colorization, particularly in the context of 

historical and cultural preservation. Additionally, there could be further 

research into the integration of image colorization techniques with other video 

enhancement techniques such as upscaling and denoising. Overall, the future 

of image colorization using Python is promising, and it is likely to continue to 

evolve as technology advances. 

 

 There are several avenues for future work in video colorization using Python. 

One area of research is improving the accuracy of colorization algorithms by 

incorporating additional contextual cues, such as object motion and texture. 

Another area of focus could be the development of new deep learning models 

that can better handle complex scenes and lighting conditions. Additionally, 

there is a need for continued research into the ethical implications of video 

colorization in the context of project filmmaking, and how it can impact the 

way historical events are perceived and understood by audiences. 

 

 The field of deepfake detection is rapidly evolving, and there is still much work 

to be done to improve the accuracy and reliability of existing methods. One 

future direction for deepfake detection using Python could be to explore the 

use of more advanced machine learning techniques, such as reinforcement 

learning and adversarial training, to improve the ability of deepfake detection 

algorithms to detect increasingly sophisticated deepfakes. Additionally, 

incorporating more contextual and semantic information, such as facial 
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expressions and body language, could also improve the accuracy of deepfake 

detection. Finally, it is important to continue to develop methods that can 

detect deepfakes in real-time, as the threat of deepfakes becomes more 

widespread. 
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7.3 RESEARCH ISSUES: 

 Research issues for image colorization using Python include improving the 

accuracy of the colorization process, developing methods to handle complex 

scenes and lighting conditions, and addressing ethical concerns related to 

altering historic footage. Additionally, there is a need to create more diverse 

and inclusive datasets to ensure that the colorization process is not biased 

towards specific cultural or racial groups. Another issue is the need for more 

user-friendly and accessible colorization tools for amateur photographers and 

filmmakers who may not have the technical expertise to use complex machine 

learning models. 

 

 Research issues for video colorization using Python include the need for large 

and diverse training datasets to improve the accuracy of the colorization 

process. Another issue is the potential for colorization to alter the historical 

accuracy of black and white footage, which raises ethical concerns. 

Additionally, the quality of the colorization process can be affected by factors 

such as lighting, image resolution, and image quality, which can impact the 

accuracy and realism of the colorized footage. Finally, there is a need for 

continued research and development of machine learning algorithms and 

computer vision techniques to improve the speed and efficiency of the 

colorization process. 

 Deepfake detection using Python is a rapidly evolving field with ongoing 

research to improve the accuracy and efficiency of detection methods. Some 

of the current research issues in this area include: 

 

i. Developing robust algorithms that can detect deepfakes even in challenging 

scenarios such as low-resolution videos or videos with poor lighting. 

ii. Improving the generalization ability of deepfake detection models to detect 

unseen deepfakes created with new techniques. 

iii. Addressing the issue of adversarial attacks where the deepfake generator is 

specifically designed to evade detection by deepfake detection models. 

iv. Enhancing the interpretability of deepfake detection models to provide better 

explanations for their decisions and improve user trust. 
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7.4 IMPLEMENTATION ISSUES: 

 While image colorization using Python can produce high-quality results, there 

are several implementation issues to consider. One of the main challenges is 

the need for large datasets of colored images to train the deep learning 

models. Another challenge is the computational power required to run the 

models, which can be resource-intensive and time-consuming. Additionally, 

the accuracy of the colorization process can depend on various factors such 

as lighting, contrast, and texture, which can affect the overall quality of the 

colorized output. Despite these challenges, advances in machine learning and 

computer vision techniques continue to improve the accuracy and efficiency of 

video colorization using Python. 

 

 While video colorization using Python can produce high-quality results, there 

are some implementation issues that need to be considered. One of the 

significant challenges is the need for large datasets of colored images for 

training the deep learning models. Another issue is the computational 

resources required to process large volumes of video data, which can be 

time-consuming and expensive. Additionally, video colorization can 

sometimes result in inaccurate colors, especially when dealing with complex 

scenes or poorly lit footage. These implementation issues need to be carefully 

considered and addressed to ensure that the colorized videos are of high 

quality and accurately represent the original footage. 

 
 

 Deepfake detection using Python involves a combination of machine learning 

and computer vision techniques to identify manipulated or synthetic media. 

However, there are several implementation issues that need to be considered 

when developing a deepfake detection system. One of the primary challenges 

is the availability and quality of training data, as deepfakes can be highly 

variable and difficult to detect. Additionally, there may be technical limitations 

with the algorithm used for detection, which can lead to false positives or false 

negatives. Finally, there are ethical and legal considerations when developing 

a deepfake detection system, such as privacy and freedom of expression 

concerns. 
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 In conclusion, deepfake detection using Python is a critical tool that can help 

prevent the spread of misinformation and protect the integrity of project 

filmmaking. While there are concerns about the limitations of the technology, it 

has become an essential part of the fight against deepfake technology. As the 

technology continues to evolve, it is likely that deepfake detection will become 

even more prevalent and vital in the project filmmaking industry. By using 

deepfake detection techniques, project filmmakers can ensure that their work 

is authentic, accurate, and free from the distortions and manipulations of 

deepfakes. 
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APPENDIX 

A. SOURCE CODE: 

FOR IMAGE: 

import argparse 

import matplotlib.pyplot as plt 

 

from colorizers import * 

 

parser = argparse.ArgumentParser() 

parser.add_argument('-i','--img_path', type=str, 

default='C:/Users/DEVENDRA/Downloads/colorization-master/colorization-

master/imgs/blur.jpg') 

parser.add_argument('--use_gpu', action='store_true', help='whether to use 

GPU') 

parser.add_argument('-o','--save_prefix', type=str, default='saved', help='will 

save into this file with {eccv16.png, siggraph17.png} suffixes') 

opt = parser.parse_args() 

 

# load colorizers 

colorizer_eccv16 = eccv16(pretrained=True).eval() 

colorizer_siggraph17 = siggraph17(pretrained=True).eval() 

if(opt.use_gpu): 

    colorizer_eccv16.cuda() 

    colorizer_siggraph17.cuda() 

 

# default size to process images is 256x256 

# grab L channel in both original ("orig") and resized ("rs") resolutions 

img = load_img(opt.img_path) 

(tens_l_orig, tens_l_rs) = preprocess_img(img, HW=(256,256)) 

if(opt.use_gpu): 

    tens_l_rs = tens_l_rs.cuda() 
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# colorizer outputs 256x256 ab map 

# resize and concatenate to original L channel 

img_bw = postprocess_tens(tens_l_orig, 

torch.cat((0*tens_l_orig,0*tens_l_orig),dim=1)) 

out_img_eccv16 = postprocess_tens(tens_l_orig, 

colorizer_eccv16(tens_l_rs).cpu()) 

out_img_siggraph17 = postprocess_tens(tens_l_orig, 

colorizer_siggraph17(tens_l_rs).cpu()) 

 

plt.imsave('%s_eccv16.png'%opt.save_prefix, out_img_eccv16) 

plt.imsave('%s_siggraph17.png'%opt.save_prefix, out_img_siggraph17) 

 

plt.figure(figsize=(12,8)) 

plt.subplot(2,2,1) 

plt.imshow(img) 

plt.title('Original') 

plt.axis('off') 

 

plt.subplot(2,2,2) 

plt.imshow(img_bw) 

plt.title('Input') 

plt.axis('off') 

 

plt.subplot(2,2,3) 

plt.imshow(out_img_eccv16) 

plt.title('Output (ECCV 16)') 

plt.axis('off') 

 

plt.subplot(2,2,4) 

plt.imshow(out_img_siggraph17) 
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plt.title('Output (SIGGRAPH 17)') 

plt.axis('off') 

plt.show() 

FOR DEEPFAKE DETECTION: 

 

import numpy as np 

import matplotlib.pyplot as plt 

from tensorflow.keras.layers import Input, Dense, Flatten, Conv2D, 

MaxPooling2D, BatchNormalization, Dropout, Reshape, Concatenate, 

LeakyReLU 

from tensorflow.keras.preprocessing.image import ImageDataGenerator 

from tensorflow.keras.optimizers import Adam 

from tensorflow.keras.models import Model 

 

# %% 

# Height and width refer to the size of the image 

# Channels refers to the amount of color channels (red, green, blue) 

 

image_dimensions = {'height':256, 'width':256, 'channels':3} 

 

# %% 

# Create a Classifier class 

 

class Classifier: 

    def __init__(): 

        self.model = 0 

     

    def predict(self, x): 

        return self.model.predict(x) 

     

    def fit(self, x, y): 
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        return self.model.train_on_batch(x, y) 

     

    def get_accuracy(self, x, y): 

        return self.model.test_on_batch(x, y) 

     

    def load(self, path): 

        self.model.load_weights(path) 

 

# %% 

# Create a MesoNet class using the Classifier 

 

class Meso4(Classifier): 

    def __init__(self, learning_rate = 0.001): 

        self.model = self.init_model() 

        optimizer = Adam(lr = learning_rate) 

        self.model.compile(optimizer = optimizer, 

                           loss = 'mean_squared_error', 

                           metrics = ['accuracy']) 

     

    def init_model(self):  

        x = Input(shape = (image_dimensions['height'], 

                           image_dimensions['width'], 

                           image_dimensions['channels'])) 

         

        x1 = Conv2D(8, (3, 3), padding='same', activation = 'relu')(x) 

        x1 = BatchNormalization()(x1) 

        x1 = MaxPooling2D(pool_size=(2, 2), padding='same')(x1) 

         

        x2 = Conv2D(8, (5, 5), padding='same', activation = 'relu')(x1) 

        x2 = BatchNormalization()(x2) 

        x2 = MaxPooling2D(pool_size=(2, 2), padding='same')(x2) 
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        x3 = Conv2D(16, (5, 5), padding='same', activation = 'relu')(x2) 

        x3 = BatchNormalization()(x3) 

        x3 = MaxPooling2D(pool_size=(2, 2), padding='same')(x3) 

         

        x4 = Conv2D(16, (5, 5), padding='same', activation = 'relu')(x3) 

        x4 = BatchNormalization()(x4) 

        x4 = MaxPooling2D(pool_size=(4, 4), padding='same')(x4) 

         

        y = Flatten()(x4) 

        y = Dropout(0.5)(y) 

        y = Dense(16)(y) 

        y = LeakyReLU(alpha=0.1)(y) 

        y = Dropout(0.5)(y) 

        y = Dense(1, activation = 'sigmoid')(y) 

 

        return Model(inputs = x, outputs = y) 

 

# %% 

# Instantiate a MesoNet model with pretrained weights 

meso = Meso4() 

meso.load('./weights/Meso4_DF') 

 

# %% 

# Prepare image data 

 

# Rescaling pixel values (between 1 and 255) to a range between 0 and 1 

dataGenerator = ImageDataGenerator(rescale=1./255) 

 

# Instantiating generator to feed images through the network 

generator = dataGenerator.flow_from_directory( 
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    './data/', 

    target_size=(256, 256), 

    batch_size=1, 

    class_mode='binary') 

 

# %% 

# Checking class assignment 

generator.class_indices 

 

# %% 

# '.ipynb_checkpoints' is a *hidden* file Jupyter creates for autosaves 

# It must be removed for flow_from_directory to work. 

!rmdir /s /q c:data\.ipynb_checkpoints 

 

# Equivalent command in Unix (for Mac / Linux users) 

# !rm -r /Users/mikhaillenko/mesonet/mesonet/data/.ipynb_checkpoints/ 

 

# %% 

# Recreating generator after removing '.ipynb_checkpoints' 

dataGenerator = ImageDataGenerator(rescale=1./255) 

 

generator = dataGenerator.flow_from_directory( 

    './data/', 

    target_size=(256, 256), 

    batch_size=1, 

    class_mode='binary') 

 

# Re-checking class assignment after removing it 

generator.class_indices 

 

# %% 
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# Rendering image X with label y for MesoNet 

X, y = generator.next() 

 

# Evaluating prediction 

print(f"Predicted likelihood: {meso.predict(X)[0][0]:.4f}") 

print(f"Actual label: {int(y[0])}") 

print(f"\nCorrect prediction: {round(meso.predict(X)[0][0])==y[0]}") 

 

# Showing image 

plt.imshow(np.squeeze(X)); 

 

# %% 

# Creating separate lists for correctly classified and misclassified images 

correct_real = [] 

correct_real_pred = [] 

 

correct_deepfake = [] 

correct_deepfake_pred = [] 

 

misclassified_real = [] 

misclassified_real_pred = [] 

 

misclassified_deepfake = [] 

misclassified_deepfake_pred = [] 

 

# %% 

# Generating predictions on validation set, storing in separate lists 

for i in range(len(generator.labels)): 

     

    # Loading next picture, generating prediction 

    X, y = generator.next() 
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    pred = meso.predict(X)[0][0] 

     

    # Sorting into proper category 

    if round(pred)==y[0] and y[0]==1: 

        correct_real.append(X) 

        correct_real_pred.append(pred) 

    elif round(pred)==y[0] and y[0]==0: 

        correct_deepfake.append(X) 

        correct_deepfake_pred.append(pred) 

    elif y[0]==1: 

        misclassified_real.append(X) 

        misclassified_real_pred.append(pred) 

    else: 

        misclassified_deepfake.append(X) 

        misclassified_deepfake_pred.append(pred)    

         

    # Printing status update 

    if i % 1000 == 0: 

        print(i, ' predictions completed.') 

     

    if i == len(generator.labels)-1: 

        print("All", len(generator.labels), "predictions completed") 

 

# %% 

def plotter(images,preds): 

    fig = plt.figure(figsize=(16,9)) 

    subset = np.random.randint(0, len(images)-1, 12) 

    for i,j in enumerate(subset): 

        fig.add_subplot(3,4,i+1) 

        plt.imshow(np.squeeze(images[j])) 

        plt.xlabel(f"Model confidence: \n{preds[j]:.4f}") 
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        plt.tight_layout() 

        ax = plt.gca() 

        ax.axes.xaxis.set_ticks([]) 

        ax.axes.yaxis.set_ticks([]) 

    plt.show; 

    return 

 

# %% 

plotter(correct_real, correct_real_pred) 

 

# %% 

plotter(misclassified_real, misclassified_real_pred) 

 

# %% 

plotter(correct_deepfake, correct_deepfake_pred) 

 

# %% 

plotter(misclassified_deepfake, misclassified_deepfake_pred) 
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B. SCREENSHOTS 
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C.RESEARCH PAPER 
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