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[bookmark: _Toc210597713]Problem Statement
[bookmark: _Toc210597714]Overall Objectives
With the ongoing rise of AI generated media, detecting such content has become a critical challenge to maintain digital authenticity and prevent fraud. DeepFakes are a form of AI generated content that typically mimics one’s facial features or voice to replace or alter a person’s identity [1]. DeepFakes pose a great risk to the spread of misinformation, our detection tool would work towards enhancing enterprise security against DeepFake attacks and can be leveraged within an educational scenario to enhance media literacy education [2]. This project aims to develop a web-based DeepFake detection tool, trained on a machine learning (ML) algorithm. 
Our tool currently processes all image file forms supported by the Python Image Library, recognizing faces using the Haar Cascade method, and determining the authenticity of the image using a random forest algorithm, producing a Real/Fake result with a probabilistic confidence score. Moving forward, our aim is further improving the accuracy and accessibility of our tool. Among the upgrades we aim to make, we will move our web tool to a publicly hosted server. The next critical upgrade is our algorithm; within this endeavor we aim to reduce overfitting our algorithm to the training data so our tool is generalizable to a wide variety of image conditions. To achieve this, we aim to implement a deep learning (DL) convolutional neural network (CNN). Additionally, we hope to improve the front-end design and user interface (UI) of the web tool and add additional functionalities, such as the support of audio and video content.
[bookmark: _Toc210597715]Background & Historical Perspective 
DeepFake content can take multiple forms, such as images, audio, video. DeepFake images can take the form of either generated depictions of nonexistent people or manipulated photographs of real individuals. Modern generative AI (gen-AI) content can instantaneously create photorealistic content that is almost indistinguishable from authentic images, heightening the risk of misuse, deception, and reputational harm [3]. Social media has allowed for  the instant spread of generated content, amplifying its harmful effects, individuals are increasingly vulnerable to targeted DeepFake attacks which may result in psychological and financial distress. To mitigate these risks, a detection tool is required to accurately distinguish between genuine and manipulated content.
DeepFakes emerged as photo editing tools have become widely accessible with the development of generative modeling during the 2010s. The term “DeepFake” was first coined on Reddit in 2017, as availability of open source editing software and large image datasets, enabled by the rise of social media, helped advance gen-AI technology [4].
The development of generative adversarial networks (GAN) made it possible to  create of photorealistic DeepFake images. GAN are a type of neural network based DL model that works by having two networks, the generator and discriminator, compete with one another in an iterative process for improved results. The generator network forges new data with the goal of making it indistinguishable from real data in attempt to fool the discriminator network. The rapid evolution of GAN models oftentimes outpaces the development of new algorithms, outdating earlier generations of detection methods. Generated DeepFakes increasingly captures natural human attributes, such as small changes in lighting, texture, and facial expressions [5]. 
Current detection models face a moving target as GAN generated images are continuously evolving to bypass detection, where each generation of forgeries may potentially nullify existing detection methods, requiring a continuous cycle detection retraining stay current with deepfake advances. This cycle is referred to as an “arms race” where detection and generation technology develop along one another, each motivating the other to improve [6]. 
The United States National Security Agency, Federal Bureau of investigation and the Army Criminal Investigation Command have publicly addressed the threat posed by the emergence of Gen-AI content, stating that “The tools and techniques for manipulating authentic multimedia are not new, but the ease and scale with which cyber actors are using these techniques are. This creates a new set of challenges to national security” [7]. Several laws within the United States have been introduced to mediate the risk posed by DeepFakes, Act 35 passed in Pennsylvania makes it a crime to create or distribute deepfakes for fraudulent purposes or to cause harm, this act was signed on July 7th, 2025, and will be made effective September 5th, 2025 [8].  As Gen-AI continues to improve the development of effective detection tools, it remains a critical research area. These initiatives demonstrate the need for accurate and reliable DeepFake detections method to mitigate the potential harm of Gen-AI content.
[bookmark: _Toc210597716]Needs Statement
This project highlights the need for the implementation of a reliable easy-to- access AI content detector to distinguish DeepFake content. This tool can mitigate the ongoing risk of fraudulent activity pertaining to identity theft, defamation, and psychological harm potentially caused by the spread of DeepFake content.   
[bookmark: _Toc210597717]Major Design and Implementation Challenges
[bookmark: _Toc210597718]Dataset Selection & Management
Our DeepFake Detector depends on a machine learning model; whose  accuracy is correlated to the quality and quantity of the training dataset [9]. The dataset we choose should contain a diverse selection of high-quality images, capturing variations in lighting, resolution, facial expression and demographics to ensure that the model generalizes well [10]. Although several datasets are available, many lack samples generated with the latest techniques, limiting the generalizability and accuracy of our model [11]. Table 1 in the Appendix presents the DeepFake datasets considered, sourced from a variety of companies and initiatives. 
Gen-AI content increasingly mimics natural attributes, such as subtle variations in lighting, texture and facial expressions, which is rapidly outpacing the development of new algorithms, outdating earlier generations of detection methods. As the quality of GAN-generated content improves, an artifact based detection approach becomes less effective. This increases the need for a diverse and comprehensive dataset to reliably distinguish between real and fake content [10]. Data diversity and recency poses a design constraint for our detection method. 
[bookmark: _Toc210597719]Machine Learning Training 
The risk of overfitting poses another design constraint, which occurs when a model learns the training data too closely, leading it to capture noise and specific patterns, hindering its ability to perform onto new, unseen data. This is caused by diversity and bias found within the data which prevents the model to reliably perform on real-world inputs. 
Deep learning (DL) relies on multi-layered neural networks to discover patterns from large datasets. A Convolutional Neural Network (CNN) is a form of DL algorithm that works with grid-like data and learns the spatial hierarchies of features [12]. Although CNNs are an effective in processing images, this method lacks interpretability, making it difficult to understand which patterns and cues the model uses to distinguish real from fake images. This poses a barrier of trust and accountability and hindering potential improvements and parameter tuning. 
[bookmark: _Toc210597720]Website Development
A priority for the website development is to allow users to easily upload images and interact with the UI. The result of the detection should be clearly displayed to encourage user confidence within our tool, this can be accomplished through visual cues or confidence scores, allowing users to understand the model’s decision [13]. The website should be accessible and well-designed to provide a straightforward and intuitive experience with uploading and interpreting results.
The site should support real-time processing, as the CNN detection models are computationally intensive and time consuming, the tool should deliver fast results to ensure a seamless demonstration and improve the user’s experience [14]. The interface should be easy to use and intuitive, allowing the user to seamlessly engage with the site’s tools.
[bookmark: _Toc210597721]Implications of Project Success
This project aims to develop an algorithm that accurately differentiates between real and generated images. The final result would be a functional web application where users can upload an image and instantly determine its authenticity. 
The broader implications of success extend to several United Nations Sustainable Development Goals (SDGs):
SDG 3: Good Health and Well-Being – By limiting the spread of harmful and exploitative deepfake content, individuals are better protected from psychological distress, harassment, and identity misuse. For instance, 67% of victims of image-based sexual abuse experience negative mental health effects, including anxiety and long-lasting distress [15]. 
SDG 4: Quality Education – The tool would reduce misinformation and promote digital literacy, helping learners and educators access trustworthy information in an increasingly digital world.
SDG 9: Industry, Innovation, and Infrastructure – Developing an advanced AI system contributes to technological innovation and strengthens the security of digital infrastructures.
SDG 10: Reduced Inequalities – Vulnerable groups, including women and minorities, are disproportionately affected by deepfakes. Women make up 96% of all deepfake pornography victims, and in some regions, as many as 40% of women have experienced online harassment. These statistics show that this project can help safeguard vulnerable groups and reduce digital exploitation and abuse [15].
SDG 12: Responsible Consumption and Production – Encourages ethical use and creation of media by making manipulations easier to identify and discouraging irresponsible content production.
SDG 16: Peace, Justice, and Strong Institutions – By preventing deepfakes from undermining trust in institutions, media, and democratic processes, the project reinforces accountability, justice, and societal trust. Research has shown that exposure to deepfakes significantly increases distrust in government and erodes public confidence in democratic systems and the rule of law [16].
The success of this project would not only demonstrate the power of machine learning in addressing modern digital challenges but also contribute meaningfully to the global goals of ensuring well-being, reducing inequality, promoting innovation, and protecting the integrity of information.









[bookmark: _Toc210597722]Requirements and Constraints
Our solution consists of a DeepFake Detection model, and a demonstration interface that is deployed on the ISIP Cluster and is publicly available. The requirements and constraints criteria include algorithmic performance, which is a measure of our detection model’s ability to reliably detect the generated content. Demonstration usability, which determines the quality of our demonstration website, ensuring its accessibility to all users. Another criteria is the efficiency of our solution, measuring the time and computational resources required to reliably classify the DeepFake. Code maintainability is used to make sure that our code complies with the ISIP standards and is usable in the future. The final criteria is about the ethics and safety of our training and deployment process, ensuring that the results provided by the detection model are explainable, and adheres to privacy restrictions. Table 1 references the requirements and constraints. 
[bookmark: _Ref210593184]Table 1: Requirements & Constrains
	 
	Criteria
	Requirement
/Constraint
	Unit
	Goal 
Value
	Negotiable
/Non-Negotiable
	Standard

	Performance 
	Accuracy
	requirement
	 %
	95%
	Negotiable
	 N/A

	
	Precision 
	requirement
	 %
	90%
	Negotiable
	 N/A

	
	Recall 
	requirement
	 %
	85%
	Negotiable
	 N/A

	
	F1 Score 
	requirement
	 %
	85%
	Negotiable
	 N/A

	Efficiency
	Algorithm Process time 
	requirement
	 ms/pixel
	1500
	Negotiable
	N/A

	
	Website boot time 
	requirement
	Seconds
	5
	Negotiable
	N/A 

	
	Resource Usage
	constraint
	gb 
	<128
	Non-negotiable
	ISIP 

	
	Dataset Generalizability
	requirement
	%
	60%
	Negotiable
	 N/A

	Code 
Maintainability 
	ISIP Guideline compliance 
	constraint
	Pass/Fail
	Pass
	Non-negotiable
	 ISIP

	
	Documentation 
	requirement
	Pass/Fail
	Pass
	Non-negotiable
	 ISO 12207

	Usability
	Interpretability 
	requirement
	Pass/Fail
	Pass
	Negotiable
	WACG 

	
	Accessibility 
	requirement
	Pass/Fail
	Pass
	Negotiable
	WACG 

	
	User Interface 
	requirement
	Pass/Fail
	Pass
	Negotiable
	 WACG

	Ethics 
& 
Security
	Algorithmic Transparency 
	constraint
	Pass/Fail
	Pass
	Non-negotiable
	IEEE 7003-2024 standard 

	
	Website Security
	requirement
	Pass/Fail
	Pass
	Non-negotiable
	ISO 27001


[bookmark: _Toc210597723]Algorithmic Performance Criteria
[bookmark: _Toc210597724]Accuracy
The accuracy of an AI model measures the correctness, calculated by the percentage of correctly classified instances in relation to the number of total classifications. A model developed by VGG11 reports up to 94.46% accuracy on a gen-AI detection model [17]. Based on these results, our detection model is required to reach at least 95% in performance accuracy, this would prove the feasibility the implementation of a DeepFake detection method [17]. Our previously conducted surveys have resulted in at 60%. We will consider this value as negotiable due to the restricted computational time and resources required for algorithmic training.
Table 2: Confusion Matrix
	Actual/Predicted
	Predicted Real
	Predicted Generated

	Actual Real
	True Negative (TN)
Correctly classified real images
	False Positive (FP)
Real images wrongly classified as fake

	Actual Generated
	False Negative (FN)
False images wrongly classified as Real
	True Positive (TP)
Correctly classified generated images


[bookmark: _Toc210597725]Precision
Precision is the proportion of all the model’s positive classification to those that are actually positive. Within this project, this metric would measure the fraction of images that are correctly classified as fake to all images classified as fake. A perfect model would have no false positive classifications and result in a precision score of 1.0. Within the scope of this project, we aim for a score of 90% and consider this value as negotiable as it is correlated to our model’s accuracy [18]. 

[bookmark: _Toc210597726]Recall
Recall measures how often a model correctly classifies positive instances in comparison to all true positives. In this project, this metric measures images classified as fake to all fake images. A perfect model would have a recall of 1.0 meaning all fake images are classified correctly. Based off comparative models, we should be able to achieve a negotiable recall value of 85% [18].

[bookmark: _Toc210597727]F1 Score
The F1 score is the harmonic mean of precision and recall. It is especially important when working with imbalanced datasets, where one a class (e.g. real or fake) contains significantly more data than the other. For our model, a target of at least 85% is required. The F-1 score is calculated from precision and recall. Table 2 presents a confusion matrix, illustrating the categories for our model performance [18]. 

[bookmark: _Toc210597728]Solution Efficiency
[bookmark: _Toc210597729]Algorithm Process Time
An algorithm with a short execution time would improve its usability and would allow for its integration into software or web services that utilizes real-time user interaction. Achieving a runtime under 1500 ms per 1000×1000 pixels ensures that our model remains competitive in the rapidly evolving field of DeepFake detection, while also leaving room to increase computational complexity. Faster execution additionally allows for a greater number of tests to be conducted, accelerating model refinement and improvement during training. This metric is negotiable [19].  
[bookmark: _Toc210597730]Website Boot Time
Considering that the website speeds is dependent on the internet connection, and we have limited control of our server, a requirement for our demonstration is a short website boot time. This website should load within 5 seconds. As this website serves as a feasibility test, it must support real-time demonstration. 
[bookmark: _Toc210597731]Resource Usage
The demonstration application will be available on the ISIP website, and will operate within the constraints of the Neuronix Cluster resources. This application is allocated a limitation 128GB and the processing capacity of the cluster [20]. For the purposes of this project, a single node of CPU should be sufficient for the machine learning system. 
[bookmark: _Toc210597732]Dataset Generalizability (Scalability)
Scalability within this project refers to how a model handles larger, more diverse data sets [21]. Scalability makes sure that the model developed can perform well, keeping up with the increasing scale of the datasets. For our project, scalability isn’t as critical of a concern. Since we are mainly focused on proving the feasibility of developing this type of machine learning powered system, we are not as focused on preparing a system for ultra-large datasets. What is important is that our system can still perform on unseen data and data that is significantly different from the training data. This is what the negotiable requirement under this criterion deals with. 
We have one negotiable requirement under this criterion and that is dataset generalizability on unseen data. With this project, we are trying to prove that developing a system of this nature is feasible. To do that, the system we are currently developing needs to be able to perform on unseen data. 
[bookmark: _Toc210597733]Demonstration Usability 
[bookmark: _Toc210597734]Interpretability
Once the classification results are provided, the user must be able to interpret the results and the algorithm that was utilized. To achieve this, our interface will display a clear textual result (“real” or “fake”) for each prediction, with corresponding color allocations to reinforce understanding. To further enhance transparency, a confidence meter will indicate how certain the model is about its decision, based on the internal probability or certainty score for the provided data. These interpretability features help ensure that users can not only see outcomes, but also understand the reasoning behind them, by improving and facilitating informed responses [22].
[bookmark: _Toc210597735]Accessibility
Accessibility is a negotiable requirement to ensure inclusive use of the system for all users, regardless of disability or device limitations. To meet this requirement, the web application must be compatible with screen readers and support full keyboard navigation for individuals with visual impairments. High-contrast display modes and alternative text descriptions for all non-text content will be implemented to comply with accessibility standards. Wherever possible, the design will follow the Web Content Accessibility Guidelines (WACG) [23], which provide internationally recognized criteria for making web technology more inclusive. Incorporating these practices not only ensures legal and ethical compliance but also improves the overall usability of the platform.
[bookmark: _Toc210597736]User Interface
By using a responsive design framework, the user interface must be able to adjust to a variety of screen sizes and devices, including desktops, tablets, and smartphones. Relying on legible typography and an easy-to-understand structure, the layout will minimize visual clutter while maintaining a polished yet straightforward appearance. Classification results will be displayed using consistent color coding, making sure that the color selections follow accessibility standards for contrast. The WCAG provides design principals, stating that the website’s content must be perceivable, and the interface components be operable, with the website’s usage instructions be understandable, and the website content can be robust enough to be widely interpreted. The principles of perceivability, operability, understandability and robustness are defined as POUR [24]. These principles support the professionalism, responsiveness, and clarity of our demonstration, ensuring its ease of use and accessibility for all users. 
[bookmark: _Toc210597737]Code Maintainability
[bookmark: _Toc210597738]ISIP Guideline Compliance 
Our first constraint is compliance with the ISIP standards. This non-negotiable constraint will cover the coding standards that we will follow. We chose to use the ISIP standards because the software we are producing will reside in the ISIP environment. Additionally, our web tool will be hosted on ISIP’s web server. Our non-negotiable requirement is documentation, this includes a user guide, in-line comments in our code, and a project overview page. This documentation will facilitate upgrades and edits we make throughout this semester and will aid future developers who need to understand and/or upgrade our software [20].
[bookmark: _Toc210597739]Documentation
Code maintainability refers to how easily code can be modified and updated over time [25]. More specifically, maintainable code makes it easier and more efficient for current and future developers to fix bugs, add features, and update the code to keep up with modern technology. Writing and organizing code that is maintainable is crucial to the longevity of the codebase, especially with how rapidly software is evolving nowadays. The ISO 12207 standard defines the software lifecycle process, providing a structured framework to systematically develop software [26]. For this project, writing clean, maintainable code is important for both our current and future progress. As we write our code, making it maintainable will ensure that we can easily make updates as we progress through the semester. Furthermore, this will allow any future students to easily understand how our code works in case they decide to further our project or are simply learning from our work. There are many strategies for writing maintainable code, including following coding standards, writing meaningful comments, using descriptive naming conventions, and maintaining up-to-date documentation [25]. Our requirement and constraint under this criterion reflect some of these strategies.
[bookmark: _Toc210597740]Ethics & Security Criteria
[bookmark: _Toc210597741]Algorithmic Transparency
Algorithmic transparency is a non-negotiable constraint of our system to ensure that the processes behind classification remain interpretable and accountable. CNNs and other deep learning models are considered to be "black-box" systems,  making it hard for stakeholders and users to comprehend the reasoning behind a particular decision [27]. To make it clear which patterns affect classification results, our proposed solution prioritizes explainability, such as feature visualization and additional interpretability methods, to clarify which patterns influence classification outcomes. By prioritizing explainability alongside accuracy, we ensure ethical alignment with the broader AI community’s emphasis on fairness, accountability, and transparency [27]. This requirement reduces the risk of misuse, builds user trust, and provides auditors the ability to assess whether the system behaves as intended.
When developing our algorithm, we need to be aware of unintended bias, where a model may mistakenly classify against a group of individuals based on characteristics such as race or gender. This stems from the underrepresentation of a group within the training dataset, when unmonitored, these biases could result in systematic discrimination. The IEEE 7003-2024 standard provides a framework to address these risks [28]. This standard calls for the establishment of a bias profile, where all the considerations regarding bias are documented. 
[bookmark: _Toc210597742]Website Security
Website security is a non-negotiable requirement, evaluated as pass/fail. Since the trained detection model and user-submitted data are accessible through a web interface, secure handling of inputs and outputs is mandatory. Basic security measures such as input validation and HTTPS encryption must be implemented to protect sensitive interactions [29]. The ISO 27001 is referred to as the international standard for Information Security Management Systems, providing a framework for managing sensitive information securely. In addition, no user information or uploaded data will be retained by the system after classification is complete; all user input is immediately deleted to ensure privacy and prevent data misuse [30]. A breach would compromise both user privacy and model integrity, thereby disqualifying the system for deployment. Successful implementation of these standard security protocols and privacy protections upholds user trust in the platform.
[bookmark: _Toc210597743]Ethical Dataset Development
When handling our data, we need to maintain ethical dataset practices. This constraint determines where we source our datasets and images from. We are only sourcing images from databases that are open source and pull their images from sources like Google and Facebook which are licensed. ISO 27001 outlines the requirements for the proper classification, handling, and protection of information [31]. Following these guidelines ensures data is handled properly. Following these guidelines and only sourcing our data from the sources name earlier, we ensure that we aren’t collecting and using individual’s private data without their consent or knowledge [32]. 




[bookmark: _Toc210597744]Potential Solutions
Machine learning models need large amounts of representative high-quality data. Our model required that we source thousands of real and DeepFake images. To fulfill our needs, we chose the OpenForensics dataset. This open-source dataset contains 45,473 real images and 70,325 fake images taken from Google’s Open Images Dataset. Each image is richly annotated, with segmentation masks describing outlines of faces in pixel values, and bounding boxes referencing rectangular areas around faces. This means that DeepFake pixels are known. This dataset is challenging due to sophisticated GAN models deployed onto high resolution images. Furthermore, most images contain multiple faces, with a mixture of real and fake faces.
Our solution transformed this data for use with NEDC tools. Annotations were reformatted from large “json” files containing all annotations into numerous “csv” files. Each ‘”csv” file contained annotations for a single image. The annotations categorized each row as a separate face with columns specifying classification, bounding box, and segmentation mask data. The original dataset subdivided images into “test-challenge”, “test-dev”, “train”, and “val” directories. Our modifications further subdivided each category into directories containing 50 images. Lastly, 288 images were removed from the dataset for lacking annotations [33].
[bookmark: _Toc210597745]Face Detection
Face detection is a crucial preprocessing stage in the workflow of our proposed solutions. Precisely identifying and cropping faces guarantees that later models work on the regions of interest, specifically the individual faces, instead of entire images, which frequently have several faces or unrelated background material. This focused approach improves computational efficiency, enhances model accuracy, and minimizes false positives. In particular, the Random Forest method benefits from this step, as it requires well-aligned inputs and explicit feature vectors for optimal classification performance. Deep learning models such as CNNs and Xception can work with uncropped images, but dedicated face detection generally strengthens their robustness and consistency, especially in mixed, high-resolution datasets.
The Haar Cascade classifier was chosen for this preprocessing step. This technique leverages Haar-like features, simple edge and line patterns measured across windows of the image, and applies a boosting approach (AdaBoost) to combine these weak features into a strong classifier [34]. The cascade architecture allows for rapid rejection of non-face regions and efficient focusing of computation on probable faces. Despite advances in deep learning, the Haar Cascade remains a strong choice for real-world, high-resolution images due to its speed and effectiveness.
In our system, the Haar Cascade detector preprocesses each image and outputs annotations containing information about detected faces only. These face-focused annotations are then passed to the classification models, ensuring that the models operate exclusively on relevant facial data.
[bookmark: _Toc210597746]Demonstration 
To demonstrate the feasibility of our DeepFake detector, a website will be developed. This application will be deployed for public use and hosted on the ISIP site. Within this demonstration, the face detection method will be utilized, in addition to all the machine learning models implemented. Figure 1 demonstrates the solution we will be developing, and how our solutions will be integrated within the system.
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[bookmark: _Ref210593245]Figure 1: Proposed Solution System
[bookmark: _Toc210597747]Solution 1: Random Forest
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A Discrete Cosine Transform (DCT) is a mathematical transformation similar in concept to the more familiar Fourier transform. A DCT converts a series of data points into a sum of cosine functions, each with different frequencies [35]. While similar in concept to a Fourier transform, a DCT uses only real numbers. DCT has many uses, but it is widely used in image and video compression because of its efficiency in representing data [36]. For this solution, we are making use of the DCT to create our input data for the Random Forest Model. For this solution, we feed the RGB values of a given image through a DCT and store the resulting values (cosine coefficients).  Each color channel has its own feature vector, and these vectors are what we use as input for the Random Forest Model. 
We chose to use the DCT for this solution so that we could be efficient with our data. Originally, we were extracting the RGB values and storing them into csv files to use as input data. These files were very large and were slow to generate. Thus, with advice from our advisor, we decided to perform a DCT on those RGB values and store the first 100 coefficients instead. This approach allows us to represent the image’s qualities with only 100 values as opposed to three values per pixel in the image, which would be approximately 196,608 values for a 256x256 image. This is for one image, and our dataset partitions contain hundreds of images of varying sizes. Using the DCT allows us to more efficiently represent our data.  
[bookmark: _Toc210597749]Random Forest Model 
Our first classification model will utilize the extracted DCT values to train a Random Forest model. The random forest is a machine learning algorithm that classifies by combining the output of multiple decision trees. This is an ensemble learning method, which combines multiple models to achieve higher accuracy, rather than a single model. The main component of a Random Forest model are the decision trees, each tree is built by the splitting of data, based on its structure, leading to the creation of the leaves. Each tree in the forest is trained on a random subset of training data, which is bootstrapped, meaning that some datapoints may appear within multiple trees learning data. Figure 2 visualizes the structure of a Random Forest algorithm [38]. 
[image: ]
Figure 2: Random Forest Visualization
When designing the Random Forest model, there are several hyperparameters that may be alternated to tune the model’s accuracy and generalization. The number of estimators, or number of trees within the forest. The maximum depth of each tree, the minimum number of samples needed to split a trees node, and the minimum number of samples required within a leaf node. These hyperparameters are summarized in Table 3 [39]. 
Table 3: Random Forest Hyperparameter Considerations
	Hyperparameter
	Purpose
	Typical Test Values

	(Python Variable)
	
	

	N estimators
	Number of trees in a forest More trees, higher accuracy, increased computational power
	50, 100, 200

	(n_esimators)
	
	

	Maximum depth
	Maximum depth of each tree, controlling model complexity and preventing overfitting
	5, 10, 20, None

	(max_depth)
	
	

	Minimum Samples Split
	minimum number of samples required to split a node, more values result in simple trees
	2, 5, 10,

	(min_samples_split)
	
	

	Minimum Samples Leaf
	Minimum numbers of samples needed for a leaf node to prevent overfitting
	1, 2, 5, 10

	(min_samples_leaf)
	
	

	Maximum Features
	Number of features to consider when looking for best split
	'sqrt', 'log2', 0.2–1.0 fraction of total features

	(max_features)
	
	

	Bootstrap
	Using bootstrap samples
	True/False

	(bootstrap)
	
	

	Criterion
	Function to measure quality of split
	‘gini', 'entropy'

	(criterion)
	
	

	Random State
	Seed for reproducibility
	Any value

	(random_state)
	
	



In addition to alternating the hyperparameters of the model, the DCT values may be alternated as well. As the upper left corner of the DCT quantifies low frequencies, while the lower right corner summarizes the high frequency values. High frequency values describe the sudden change between two textures, and low frequency is used to describe gradients. Certain portions of these values may be selected to train on, as shown in Figure 3. Code 1 demonstrates how the Random Forest models is initiated, trained and evaluated [36].
[image: ]
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Figure 3: DCT Visualizationrf = RandomForestClassifier( # initialize random forest with hyperparameters
    n_estimators=100,        # number of trees
    max_depth=None,          # maximum depth of each tree
    min_samples_split=2,     # minimum samples required to split a node
    min_samples_leaf=1,      # minimum samples required at a leaf
    max_features='auto',     # number of features considered for best split
    bootstrap=True,          # use bootstrap samples when building trees
    criterion='gini',        # function to measure quality of split 
    random_state=42)         # random seed for reproducibility
rf.fit(X_train, y_train)     # train the model
y_pred = rf.predict(X_test)  # predict on test set
Code 1: Example Random Forest Implementation


[bookmark: _Toc210597750]Solution 2: Convolutional Neural Network (CNN)
[bookmark: _Toc210597751]Parallel Dataset
This new parallel dataset is essentially the same as the dataset we used for Solution 1. We will be extracting the faces from the images in our original dataset and store them as their own image. We are making this modification to the dataset so that we can train the CNN on one image at a time in hopes that this will allow the model to learn more effectively.  
[bookmark: _Toc210597752]CNN 
Convolutional Neural Networks is a type of deep learning model that processes grid like data, such as images and is commonly used within image classification. CNNs are made up of several layers including the convolutional, pooling and fully connected layers. The convolutional layers apply filters, also known as kernels, to the input image to allow the detection of various features, such as the edges, textures and patterns. These features would then be learned within the training process [40].
The pooling layers would reduce the spatial dimension of the image, helping retain the most important features, reducing computational complexity. The fully connected layers would take in the high level features that were extracted by the previous layers and use them to make a classification. When trained, these layers would learn the patterns differentiated between real and generated content. Figure 4 visualizes the layers of the CNN, and how they are utilized to classify an image. 
[image: ]
Figure 4: Layers of CNN
As the CNN processes images, not matrix features of vectors, a parallel dataset of just the extracted faces would need to be utilized for training and evaluation. Once a CNN model is initiated, the convolutional layers would be added, the filter number and the size across the image would need to be defined, as well as the actuation model. These layers would be able to learn the low-level features such as the edges of the image. A pooling layer is then introduced which would reduce the spatial dimension of the data and the computational cost to process [41]. Table 4 provides a brief explanation of the purpose of each layer and their parameters.
Table 4: CNN Layers
	Layer
	Description
	Parameters

	Input Layer
	Takes in image information
	Input size of image

	Convolutional Layer
	Feature Extraction using kernels (filters)
	Number of filters, Filter size (pixel x pixel), Stride, Padding

	Activation Layer
	introduces non-linearity
	Activation function choice

	Pooling Layer
	Reduces spatial dimensions
	Pooling type (max, average, global), pool size (n×n), stride

	Fully Connected Layer
	Connects features to output classes
	Number of neurons, activation function

	Output Layer
	Produces final prediction
	Number of classes (2: Real/Fale), activation function



The 2-dimentional features are then flattened into a 1-dimenstional vector and is passed to the fully connected layers. The output layer is made up of 2 neurons, where would represent 0-real or 1-fake, initiated with an activation function, which would output a probability distribution for each class, allowing the model to classify the image [41]. Code 2 demonstrates an example of how a CNN and its layers are initiated. X_train=X_train/255 # normalizing the pixel values 
X_test=X_test/255   # normalizing the pixel values 
model=Sequential()  # defining model 
model.add(Conv2D(32,(3,3),activation='relu',input_shape=(28,28,1))) # adding convolution layer 
model.add(MaxPool2D(2,2)) # adding pooling layer 
model.add(Flatten())      # adding fully connected layer 
model.add(Dense(100,activation='relu')) 
model.add(Dense(10,activation='softmax')) # adding output layer 
model.compile(loss='sparse_categorical_crossentropy',optimizer='adam',metrics=['accuracy']) # compiling the model
Code 1: Example CNN Implementation

Once the model is implemented, it would be trained on the data, and the number of Epochs would be varied. Epochs are passthrough on the entire training data, where the model is able to learn and update its internal weights based on the error within tis predictions, allowing the model to gradually improve its accuracy. Table 5 provides a brief explanation of the parameters found in each layer and their purpose [40]. 
Table 5: CNN Parameter Definition
	Layer
	Parameter
	Definition

	Convolutional Layer
	Stride
	Step size taken by the filter has it moves across the input image.

	Convolutional Layer
	Padding
	Adds extra pixels around the input of the image prior to convolution, helping control the size of output. 

	Pooling
 Layer
	Pooling Type
	Reduces the spatial size of the feature maps while keeping important information.

	Pooling 
Layer
	Pooling size
	Dimension of the pooling region.

	Fully connected Layer
	Activation function 
	Adds nonlinearity and allows the network model to form complicated decision boundaries.

	Output Layer
	Activation Function 
	Transforms probability calculations to classification.


[bookmark: _Toc210597753]Solution 3: Xception Model
[bookmark: _Toc210597754]Model
Xception is a deep learning model used for image classification, and stands for Extreme Inception, proposed in 2017. While normal CNNs utilize convolutions to learn image patterns, Xception models look at the spatial patterns within each channel individually and combine the information within the color channels. This process is called depth wise separable convolution and makes the network more efficient due to the usage of less parameters and are oftentimes more accurate than traditional CNNs. Xception models have become a benchmark for DeepFake detection, due to their ability to detect subtle artifacts such as blending errors, color mismatches and or texture inconsistencies. This solution will utilize the same parallel dataset developed for Solution 2 for training, development and evaluation [42]. 
The Xception model is made of three portions, an entry flow, a middle flow, and an exit flow. The entry flow is the first layer that processes the input image, to extract low-level features such as edges, colors and textures. The middle flow is considered the core of the network, where its purpose is to extract deeper and more abstract features. The exit flow is the final layer prior to classification, where the features are compressed. The exit flow considers all the features learned and provides a classification of real or fake. Between each convolutional layer and flow, a residual skip connection is included, this adds the original input to the layers output, preventing the degradation of information as its passed through the system [44]. Figure 4 demonstrates how the model layers are organized. Table 5 demonstrates the various parameters of the Xception model layers and which portions can be adjusted [43]. 
[image: ]
Figure 5: Xception Model Flow
Table 6: Parameters of Xception Model
	Layer
	Purpose
	Parameter

	Entry Flow
	Extracts low level features
	Filter size, Filters, Stride, Padding, Activation 

	Middle Flow
	Learns higher level features
	Filter size, Filters, Stride, Padding, Activation 

	Exit Flow
	Produces classification results
	Filter size, Filters, Stride, Padding, Activation, Global Average Pooling, Dense Units



[bookmark: _Toc210597755]Next Step
We plan to begin our evaluation using the Random Forest model because prior research has demonstrated its effectiveness as a baseline for DeepFake detection, particularly when combined with handcrafted feature extraction methods such as Histogram of Oriented Gradients (HOG) and Local Binary Patterns (LBP) [45], [46]. Random Forest is also quick to train, computationally efficient, and relatively easy to interpret compared to deep learning models, making it an ideal first choice for establishing baseline performance. After validating the Random Forest results, we will transition to a Convolutional Neural Network (CNN), which is specifically designed for image analysis tasks and better suited to learning spatial and texture-based features directly from the data. Finally, we will evaluate the Xception model as our third approach due to its demonstrated state-of-the-art performance in DeepFake detection benchmarks [47]. Although our initial focus will be on Random Forest, as optimization continues, we will move on to develop and test the CNN and Xception models. Our long-term objective is to make all three models accessible for users to evaluate and contrast, offering a balance between computational demands, speed, and accuracy.


[bookmark: _Toc210597756]Preliminary Design 
Our three proposed solutions for DeepFake detection included the implementation of a Random Forest model, a Convolutional Neural Network (CNN), and the Xception model. The Random Forest model was previously implemented and thoroughly tested as a baseline, achieving approximately 55% accuracy. We selected the CNN model as our primary solution, since it can directly learn from image data without manual feature extraction, unlike the Random Forest. This model is highly applicable to object recognition tasks and can be optimized effectively. To implement this model, a dataset of images would need to be selected. Figure 6 demonstrates the steps required to implement and train the CNN. 
[image: ]
[bookmark: _Ref210593410]Figure 6: Preliminary Design Process
[bookmark: _Toc210597757]Dataset Selection: 
The scope of this project needs a dataset large enough to train and evaluate full models. However, the Neuronix cluster has limited processing power, constraining dataset scale. To solve this problem, this project focuses on Deepfake images instead of videos. Furthermore, supervised Machine learning algorithms limit this project from using unlabeled data. This means a dataset containing annotated real and Deepfakes images is needed to train our classifier. Lastly, the dataset needs high quality images, representative of modern Deepfake technology, to prove feasibility.
From a limited number of choices, the OpenForensics dataset was chosen. As mentioned previously, this dataset is open-source and contains 45,473 real faces and 70,325 fake faces {33}. This large size gives more than enough data to create high quality CNN models. Fake images were generated with proprietary GAN models, resulting in high resolution 512 by 512-pixel faces [33]. On averages images contain resolutions of greater than 680p, with 2.9 faces per image [33]. These qualities make the dataset an exception representation of modern Deepfake technology. The dataset comes prearranged into 4 subdivisions, categorized according to Table 7. 
OpenForensics annotations use a “json” file corresponding to each sub-division. These files reference images by two arrays. Array 1, column 1 of Table 8, contains file information for each image. Array 2, column 2 of Table 8, contains annotation data per face in each image. Linking these two arrays is the numerical “Image ID” category.
Facial annotations contain multiple categories, for richly detailed labels. “face ID” gives each face a numerical identifier. “Iscrowd” is a Boolean value corresponding to whether images have abnormally high number of faces. “area” is the size of the annotated region. “category_id” is a Boolean classification of each face as fake, 0, or real, 1. “bbox” is a sub array of 4 integer values. These values draw a rectangular box around the annotated face. From top to bottom, the values represent “X”, “Y”, width and height. “segmentation” is another sub array. “segmentation” are pixel coordinates which draw an outline around the annotated face. Coordinates start with “X” and alternate between “X” and “Y” values. 
Annotations were converted from “json” files for compliance with ISIP formats. The new system separates annotations into “csv” files for each image. Following Table 9, the rows of each value would correspond to a single face in the image. The “json” annotation array data is placed in each column of each row.
[bookmark: _Ref210595438]Table 7: Dataset Images
	Division
	Faces

	Test-challenge
	45000

	Test-dev
	18895

	Train
	44097

	Val
	7308



[bookmark: _Ref210595447]Table 8: Dataset Annotation
	Images
	Annotations

	Image ID
	Image ID

	File Name
	Face ID

	Width
	Iscrowd

	Height
	Area

	
	Category ID

	
	BBox

	
	Segmentation



[bookmark: _Ref210595468]Table 9: Annotation CSV
	[bookmark: _Hlk210560626]Face ID
	IsCrowd
	Area
	CategoryID
	BBox1
	BBox2
	BBox3
	BBox4
	Segmentation

	Face 1
	
	
	
	
	
	
	
	

	…
	
	
	
	
	
	
	
	

	Face N
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Figure 7: Dataset Annotation
[image: ]
Figure 8: Segmentation & Bounding Box Mapping
[bookmark: _Toc210597758]Mitigating Dataset Bias 
When preparing a training dataset, is important to have all the classes represented with equal number of samples. Each class, in our case “Real” or “Fake” need to have an equal number of data points. A balanced dataset would prevent model bias, where one model would learn to classify towards the majority class and ignore the minority. For example, a model trained on a dataset of 90% real and 10% fake would consistently predict real. Producing 90% accuracy but be useless in detecting fake images [37]. A balanced dataset would effectively learn meaningful patterns from both classes, improving the generalization of the model. Providing a balanced dataset would also improve the stability in training and could result in a faster accuracy convergence [57].
The OpenForensics dataset selected for training demonstrated an imbalanced amount of real to fake faces, this imbalance is due to the fact that if an image contains multiple faces, and one of those faces is fake then the entire image is classified as fake. Rather than training the model based on the features of the entire image, the portion specified by the bounding box was extracted and analyzed for classification. Based on this observation, we will be training our model on the face portion of the dataset, this would require a parallel dataset comprising only of the face portion of the dataset. 
[bookmark: _Toc210597759]Face Detection Algorithm 
Face detection is the first stage in our deepfake detection pipeline. It isolates facial regions for later feature extraction and classification. By extracting only faces, the system significantly decreases unnecessary data processing and directly addresses our chosen focused area of manipulation in deepfake forensics. For our design, we chose the Haar Cascade Classifier because of its fast inference speed, minimal computational overhead, and simplicity of implementation in real-time or resource-constrained settings. To ensure that our solution is both practical and scalable for further development, these features are crucial given our objective of real-time or near-real-time detection on standard images.

The Haar Cascade algorithm, introduced by Viola and Jones [34], detects objects using a cascade of simple rectangular features inspired by Haar wavelets. Each feature is calculated as the difference in pixel intensities between adjacent rectangular regions as seen in equation 1. Where R1, R2 are adjacent rectangular regions, and I(x,y) is the pixel intensity.



Equation 1: Haar Feature Calculation

The use of integral image representation is a fundamental component of the Haar Cascade technique, which makes it possible to quickly calculate feature sums across various scales and locations, significantly increasing face detection efficiency in real-time situations. By creating a powerful classifier as shown in equation 2, the AdaBoost algorithm is crucial to further improving the selection of useful features. In this process, multiple weak classifiers—each specializing in distinguishing certain facial patterns—are combined into one ensemble, weighted according to their accuracy in discriminating face and non-face regions. This ensemble method ensures reliable detection performance while maintaining low computational overhead [48].


Equation 2: AdaBoost Strong Classifier

The algorithm is an ideal starting point for our system because of its simplicity and efficiency. Higher accuracy is possible with deep learning-based techniques like MTCNN or RetinaFace, but they are less appropriate for rapid prototyping because they require a lot more processing power and require longer training periods. The accuracy, computation time, and hardware requirements of the Haar Cascade and other well-known face detection models are contrasted in Table 10.
[bookmark: _Ref210593738]Table 10: Comparison of Face Detection Models
	Model
	Accuracy (%)
	Computation Speed
	Hardware Requirement
	Key Strength

	Haar Cascade [34]
	85–90
	Fast 
(CPU-based, ~15–30 FPS)
	Low
	Lightweight and easy to deploy

	HOG + SVM [49]
	90–93
	Moderate 
(CPU-based, ~10–15 FPS)
	Moderate
	Better under varied lighting conditions

	MTCNN [50]
	95–98
	Slow 
(GPU recommended)
	High
	High accuracy and multi-face handling

	RetinaFace [51]
	97–99
	Slow 
(GPU required)
	High
	State-of-the-art accuracy



The Haar Cascade offers a practical trade-off between accuracy and performance, suitable for projects where real-time detection and resource efficiency are priorities. Following the detection of a face, the algorithm produces a bounding box that represents the upper-left corner and width/height of the detected region and is defined by the coordinates (x, y, w, h). After that, these bounding boxes are sent to later models for feature extraction or deepfake classification.
[bookmark: _Toc210597760]Creation of Parallel Dataset 
Currently, we are working with two new/parallel datasets for this design. One of these is an evaluation dataset we’re generating ourselves, and the other one is parallel dataset that is a modification of the Open forensics dataset that we used alongside our baseline Random Forest solution. 
The new evaluation dataset will be 200 images in total sourced from “Caltech’s 10k Web Faces” dataset [52]. 100 real images, and 100 fake images. These new fake images will be face swaps like the OpenForensics dataset. Unlike the OpenForensics dataset, these face swaps will not be created using a GAN method. Instead, 50 images will be created manually using Photoshop, and the other 50 images will be created using a free website called “Deepfake Maker” [52]. 
The parallel dataset uses all the original data we used from the OpenForensics dataset with some modification. In the OpenForensics dataset, images could contain one or more faces, background elements, and dead space. This parallel dataset will include only the faces and each face will be its own image with minimal dead space.
[bookmark: _Toc210597761]Parallel Dataset Implementation
The creation of the new evaluation dataset is straightforward. For the 50 Photoshopped images, the face of the target is cut out from the target image and then placed over the face of the source image. The resulting image is smoothed using Photoshop’s Auto-Blend feature, demonstrated in Figure 9. 
[image: ]
[bookmark: _Ref210593871]Figure 9: Generated Evaluation Dataset
To create the parallel dataset, we used NEDC (Neural Engineering Data Consortium) software. We used NEDC’s nedc_dpath_gen_images tool to crop the faces. This tool is powerful and offers a variety of functionality. For this application we used the tool to extract the faces from a given image. We provided a list of image files (.jpg images) and a list of corresponding annotation files (.csv files) as inputs, and got the new image(s) of the extracted face(s) as output along with corresponding annotation files for each extracted face. Additionally, we specified the parameters (used to parse and read the annotation file, the dimension the new image (256x256), the extensions for the new images and annotation files, and the output directory, Figure 10 demonstrates an example of the extracted faces. 
[image: ]
[bookmark: _Ref210593973]Figure 10: 256 256 image extracted
For our two new datasets, we have two different motivations. In line with our dataset generalizability design requirement, this dataset will allow us to understand whether the model is learning to recognize DeepFakes in general, or if it is learning to recognize GAN face swapped images. 
The parallel dataset will be used to facilitate the training of our CNN based solution. Firstly, the images that these models classify have manipulations in the face region due to the common methods of creating these deepfakes. Since it will have to classify images that have manipulations in the facial regions, starting with images that contain only faces makes for a more successful detection workflow.  
[bookmark: _Toc210597762]CNN 
CNNs are a form of Deep Learning model that are automatically extract and learn spatial features from image data. This model utilizes convolutional operations to preserve the spatial relationship  within the image pixels. The model is made up of several layers including the input, convolution, pooling and fully connected layer.
[bookmark: _Toc210597763]Convolutional Layer 
The function of a Convolutional layer is to apply a set of filters, formally known as kernels, to the input of the image to extract important features such as patters, textures and edges. This operation is expressed within Equation 1. 

[bookmark: _Ref210594294]Equation 1: Image Convolution
Where  represents the input image,  represents the kernel, and  Is the bias symbol. The image convolutional operation involves the kernel sliding across the image and computing element wise multiplication and summation at each point. 
The convolutional layer is made of three portions, the lower, middle and higher layers. The edges, lines and colors are identified within the lower layers. The middle layers identify patterns, shapes and textures, while the higher layers are able to distinguish faces [40]. 
Figure 11 demonstrates the Prewitt filter applied to an image, which is a manual example for the lower convolutional layers, deriving the gradient magnitude, X and Y direction derivatives. The Prewitt filter is a form of edge detection filter, and highlights the edge of an image by calculating the gradient of the image intensity function, utilizing two 33 convolution kernels, one to detect horizontal edges and another for vertical edges. 
Equation 2 shows the formulas for the Prewitt operation. is the Horizontal Prewitt Filter, detecting the vertical edges, or changes along the X-axis. is the Vertical Prewitt Filter, detecting the horizontal edges, or changes across the y-axis. represents the calculation of the magnitude of the gradient, representing the straight of the edge at each pixel. This process allows for the detection of localizes spatial features, while preserving the spatial correlation between pixels, enabling the CNN to learn the visual pattern for image recognition [58]. 

[bookmark: _Ref210594310]Equation 2: Prewitt Filter
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[bookmark: _Ref210594342][bookmark: _Ref210594339]Figure 11: Prewitt Filter
[bookmark: _Toc210597764]Activation Function 
The activation function introduces non-linearity to the CNN, which allows it to learn complicated patters and relationships within the data. without an actuation function, the model would be limited to linear classification, regardless of the number of layers. An activation function allows the model to capture the intricate features within the image. The most common activation function is ReLU which is demonstrated in Equation 3, where  represents the input to the function, which is the weighted sum of inputs and bias () from the previous layer. 



[bookmark: _Ref210594413]Equation 3: ReLU Function
Wi is the weight connecting neuron I from the previous layer, and is known as the weight from the element of the kernel, ai is the output, or activation from the previous layer, and b is the bias term [59]. 
[bookmark: _Toc210597765]Pooling Layer
The goal of the pooling layer is to reduce the spatial dimension of the feature map, while maintaining the most important information, this helps decrease computation complexity, mitigate algorithmic overfitting, and increases the networks robustness. By reducing the complexity of the feature map the representation become smaller and summarizes the region of the feature map. The parameters of the pooling layer are summarized in Table 11, while Table 12 summarizes the pooling methods that can be utilized within this layer [60]. 
[bookmark: _Ref210594991]Table 11: Parameters of Pooling Layer
	Parameter
	Definition
	Type of Values

	Pool Type
	Type of pool operation
	Max pooling, Average Pooling, Global Max pooling, Global Average Pooling

	Kernel Size
	Size of sliding window
	NxN pixels

	Stride
	Number of pixels the window moves
	1,2- equal to kernel size to avoid overlap

	Padding
	Extra pixels around the input
	True/False

	Ceil Mode
	Whether to round up or down
	True/False

	Return Indices
	Whether to return the location of the maximum values
	True/False

	Dilation
	Spacing between the elements within the pooling window
	1

	Channel-Wise Application
	Whether pooling is applied independently for each channel
	True/False



[bookmark: _Ref210595884]Table 12: Pooling Method
	Pooling Method
	Definition
	Usage

	Max Pooling
	Selects maximum value in the pooling window
	Most common and emphasizes prominent edge features

	Average Pooling
	Selects the average value in the pooling window
	Smooths feature maps and reduces noise

	Global Max Pooling
	Takes the maximum value in the feature map
	Reduces the entire feature map to a single value

	Global Average Pooling
	Takes the average value in the feature map
	Reduces the entire feature map to a single value

	Stochastic Pooling
	Selects a random value in the window based on probability
	Used to improve regularization and prevent overfitting



[bookmark: _Toc210597766]Fully Connected Layer
The fully connected (FC) layer is a neural network layer where every neuron is connected to the neuron within the previous layer. The FC layer utilizes the features extracted by the convolutional and pooling layer to make its final prediction. This layer converts the 2-dimensional feature maps from the convolutional and pooling layers into a 1-dimensional vector used for classification, learning complication combinations of features. Table 13 summarizes the types of FC layers we may utilize, and Table 14 demonstrates the hyperparameters that may be utilized within the FC layers [55].
[bookmark: _Ref210596764]Table 13: Types of Fully Connected Layers
	FC Layer 
	Definition
	Usage

	Standard or Dense Layer
	Each neuron is connected to all the neurons in the previous layer
	Placed after pooling layer

	Dropout Layer
	Randomly disables some of the neurons within training
	Placed after dense layers

	Batch Normalization Layer
	Normalizes the input of the layer to have zero mean 
	Can be places before or after dense layers

	Residual /Skip Connections
	Adds the input from a previous layer to the output of a dense layer
	Used to prevent vanishing gradients



[bookmark: _Ref210597387]Table 14: FC Hyperparameters
	Hyperparameter 
	Description
	Values

	Number of Neurons
	Number of neurons within the layer
	Constant N

	Activation function 
	Function applied to the output of each neuron 
	ReLU, Signmoid, Tanh, Leaky ReLU

	Dropout Rate
	Fraction of neurons randomly disabled
	0.2-0.5

	Weight Initialization
	Method used to initialize the weights prior to training
	Xavier, He, Random Normal

	Bias Initialization 
	Initial value of bias
	0

	Regularization
	Penalizes the large weights to reduce overfitting
	0.0001-0.01



[bookmark: _Toc210597767]Output Layer 
The output layer is the last stage of the CNN and is responsible for creating the models’ predictions based on the features extracted and analyzed within the previous layers. Within this layer, each neuron calculates a weighted sum of its inputs and adds a bias term, as shown in Equation 4, where  represents the activated outputs from the previous layer (. This is then passed through an activation function to produce the output classification of the network [44]. 

[bookmark: _Ref210597964]Equation 4: Output Layer Calculation
[bookmark: _Toc210597768]Algorithm Optimization 
When optimizing a neural network, the goal is to adjust the weight and bias along all the internal layer to minimize the number of incorrect predictions and improve overall performance. This is achieved by first utilizing forward propagation to pass the input through the network, generating initial predictions. Then calculation the error rate using a loss function and applying backpropagation to update the weights and biases according the calculated gradients [61].
[bookmark: _Toc210597769]Forward propagation 
Forward propagation is the initial process where input data is passed through a network to create a prediction. Within a CNN, the input image is passed through all the layers of the network and the weights and biases are applied to produce the network’s output [61]. 
[bookmark: _Toc210597770]Loss function 
A loss function, also knowns as a const function is a mathematical function that measures how well a CNN model predicted to match the true labels, this is done by calculating the discrepancy between the predicted output and the actual output . The goal of this is to quantify the error that needs to be minimized, the smaller the loss the better the performance. Table 15 summarizes the most common types of loss functions.
[bookmark: _Ref210598652][bookmark: _Ref210598649]Table 15: Loss Function
	Loss Function 
	Formula
	Usage

	Mean Squared Error
	

	Regression

	Mean Absolute Error
	
	Measurers the average distance between the predicted output and true label

	Binary Cross Entropy 
	
	Binary Classification



[bookmark: _Toc210597771]Backpropagation 
Backpropagation is the process utilized to optimize a CNN by updating the internal weights and bias to reduce prediction errors. Once the forward propagation calculates the networks output, the loss function is calculated. The backpropagation procedure then calculates how much weight and bias contributed to that error by calculating the gradients. Table 16 demonstrates how the kinds of gradient to be calculated. 
[bookmark: _Ref210599245]Table 16: Backpropagation Methods
	Gradient Type
	Definition
	Derivative

	Weight
	Derivative of the loss with respect to weight
	

	Bias
	Derivative of the loss with respect to bias
	

	Activation
	Derivative of the loss with respect to the output of a neuron
	

	Input
	Derivative of the loss with respect to the input of a layer
	

	Layer
	Derivative of the loss with respect to the input of a entire layer
	

	Gradient w.r.t Convolutional FILTERS
	Derivative of loss with respect to convolutional filters
	



The gradients determine the direction and magnitude of change required for each parameter to minimize the loss. An optimization algorithm  utilizes these gradients to calculate the weights and bias. This process allows the network to learn and improve upon its mistakes by identifying which parameters mostly contributed to its errors. This processes is iterated over a specified number of epochs until the network converges [62]. 
Engineering Design Plan
To implement our CNN model, we first need to develop our parallel dataset of uniform images. Then we would be able to design the input layer of the model, each step needs to be deliberately optimized and debugged to support large scale training and evaluation. The hyperparameters and activation functions within each layer need to be tuned and optimized to better understand how our model is able to extract meaningful features from the data, improving its ability to generalize and classify accurately on unseen images. 
The output of our experiments would be results in the form of heatmaps of our accuracies and a comprehensive review of how each parameter affected the training and evaluation process. Within the next two weeks we will be focusing on finalizing the dataset processing pipeline and implementing the initial CNN structure with baseline experiments. 
Task assignments: 
Jahtega and Ashton- Finalizing dataset pipeline and creating parallel dataset
Jouri and Zac– Implementing CNN model, running and developing baseline experiments 



















[bookmark: _Toc210597772]Appendix
Table 7: DeepFake Datasets
	Name
	Real Photos
	Fake Photos
	Media Form

	DFFD
	58,703
	240,336
	Images

	ForgeryNet
	1,438,201
	1,457,861
	Images

	Generated Photos
	Not Available
	10,000
	Images

	CelebA 
	Not Available
	202,599
	Images

	FaceForensics
	Not Available
	500,000 frames containing faces from 1004 videos
	Video Frames

	Celeb-DF
	590 original videos
	5639 corresponding DeepFake videos
	Videos

	OpenForensics: Multi-Face Forgery Detection And Segmentation In-The-Wild Dataset
	45473
	70325
	Photos

	Deepfake Detection Challenge Dataset
	Not Available
	100,000 videos
	Videos

	Flickr-Faces-HQ
	70,000
	 
	Photos

	Deepfake Synthetic-20K Dataset
	Not Available
	20K synthetically generated face images
	Photos

	Individualized Deepfake Detection Dataset
	23k authentic
	22k deepfake
	Photos

	UADFV 
	49 videos
	49 videos
	Videos



[bookmark: _Toc210597773]Abbreviations Used
· Machine Learning (ML)
· Deep Learning (DL)
· General Adversarial Network (GAN)
· Convolutional Neural Network (CNN)
· User interface (UI) 
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