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Proposal: An AI-Powered 3-D Facial Recognition System for Crime Intelligence Using Reconstructive and Predictive Techniques
ABSTRACT
The dissertation proposes a research framework that integrates three-dimensional (3-D) facial analysis with crime-related data. The study examines how 3-D reconstruction, facial embeddings, and crime-trend modelling may operate together in a single analytical pipeline. The work responds to known limitations in two-dimensional (2-D) recognition, including reduced accuracy under pose variation, occlusion, and low-quality imagery.
The framework uses public datasets to support each experiment stage. FaceScrub provides 43,124 labelled images across 530 identities for training a facial recognition model with Cross-Entropy loss. AFLW2000-3d supplies paired 2-D and 3-D annotations for landmark detection and reconstruction. Baseline embeddings from the Buffalo family offer a point of comparison for evaluating embedding quality. UK Police crime data from 2022 to 2025 is processed in anonymised form to support exploratory analysis of temporal and spatial patterns.
The study also reviews related analytical tools. YOLO models provide scene-level object cues, while Prophet supports time-series forecasting of crime trends. These tools help assess how contextual information may complement facial embeddings in research settings [34, 35, 36, and 37].
The expected contribution is a structured investigation into the links between 3-D facial modelling and crime analytics. The project does not create an operational system. Instead, it provides evidence on model performance, embedding behaviour, and the potential value of combining biometric and crime-trend data. These findings aim to inform future work in facial recognition and intelligence analysis.









[bookmark: _Toc216098082]1. Introduction
[bookmark: _Toc216098083]1.1 Context and Background
Artificial intelligence (AI) has transformed facial recognition. It is now used in security, policing, and digital verification. Most systems rely on two-dimensional (2-D) facial images. These systems work well in controlled settings. They fail when faces appear in side views, poor lighting, or low-resolution footage [1].
Three-dimensional (3-D) facial reconstruction addresses these issues. It recovers face structure from a single 2-D image. It uses geometric cues to add a path. This reduces errors caused by pose variation and occlusion [2]. Many reconstruction methods use template models such as FLAME. These templates provide a stable shape reference for predicting 3-D facial geometry.
Dense face alignments support reconstruction. It estimates the position of the facial landmark and aligns the input image. It also handles large-pose scenarios where parts of the face are not visible. The AFLW2000-3D dataset [23] provides paired 2-D images and 3-D shapes to support this work [3].
Facial recognition remains an essential stage in this process. Recognition models convert an aligned comparison task. Datasets such as FaceScrub provide labelled images from supervised training. FaceScrub contains thousands of actor and actress images. It allows controlled experiments on embedding quality and model behaviour. External models such as the Buffalo family offer baseline embedding for comparison [25, 26].
Crime analysis has also become data-driven. Modern studies use machine learning to examine patterns across time, location, and crime type. The UK Police website [24] provides anonymised records from 2022 to 2025. These records include incident month, approximate location, offence category, and outcome [4].
No computational tools support these forms of analysis. Parquet files allow fast processing of crime datasets. YOLO models detect objects within images and provide contextual scene cues. Prophet supports time-series forecasting and reveals trends in crime data.
These developments create a research opportunity. Most studies treat 3-D facial analysis and crime intelligence as separate fields. Few explore how they may operate together within one analytical pipeline. This project proposes a conceptual framework that investigates this link. It examines how 3-D reconstruction, facial embeddings, and crime-trend analysis can be combined in a controlled research setting. The framework uses public datasets, established AI tools, and ethical safeguards to explore this integration [5].

[bookmark: _Toc216098084]1.2 Research Problem
Facial recognition is widely used in law enforcement. However, most deployed systems rely on 2-D facial images. These systems often fail in real-world environments.
There are several known limitations. First, pose variation reduces accuracy. Many faces appear at angles beyond the system’s capacity. Second, light changes in public spaces affect image clarity. Third, spoofing attacks and identity mismatches occur due to limited biometric depth. Fourth, current systems do not link face recognition with predictive analysis. This leaves decision-making reactive, not proactive.
Traditional systems are trained on frontal, high-resolution images. These do not reflect real conditions found in CCTV or body-worn footage. Performance degrades under occlusion, motion blur, or profile views. These issues reduce reliability in time-sensitive policing.
Three-dimensional facial recognition offers a solution. It reconstructs faces from different angles. It captures geometry that two-dimensional models cannot. This makes identification more robust. However, three-dimensional recognition systems are rarely deployed in operational law enforcement settings. Most research remains experimental or limited to academic benchmarks.
A second gap exists in the link between biometric identity and crime intelligence. Face recognition is often treated in isolation. Crime data, such as location, time, or incident type, is not used to guide recognition tasks. This weakens the system's value in investigations or prediction.
Recent work in deep learning has made 3-D reconstruction and facial embeddings more accessible. However, these tools are rarely integrated with structured crime datasets in research settings. Real-time fusion between faces and crime data is still underdeveloped.
There is a need for a framework that merges 3-D face recognition, deep learning, and crime intelligence. This system should work in real-world settings. It should be accurate, ethical, and fast enough for operational use [6, 7, 8, 9, and 10].
[bookmark: _Toc216098085]1.3 Research Aim 
The aim is to develop an AI-powered 3-D facial recognition system for crime intelligence that reconstructs 3-D faces from 2-D images, identifies a person of interest from a snapshot, detects relevant objects in the scene, and forecasts crime trends using analytical models.
[bookmark: _Toc216098086]1.4 Objectives
1. Consideration of literature that has been conducted on Artificial Intelligence-based three-dimensional (3-D) facial recognition and crime intelligence
2. Establish a framework, based on the literature, of how to integrate facial data with crime-related information.
3. Acquire and tabulate appropriate secondary and public data to assist in and validation of the framework.
4. Evaluate the proposed framework in relation to its objectives as per crime intelligence.
Each objective supports the next. The project moves from understanding to experimentation. This ensures the outcome is research-informed, technically robust, and fit for use in modern law enforcement contexts.
[bookmark: _Toc216098087]1.5 Significance of Research
This research solves real-world problems in law enforcement. It improves facial recognition in public settings by reducing failure in side views, poor lighting, and low-quality video. These are common issues in CCTV footage and body-worn cameras.
The system supports ethical AI use. It follows DPIA principles and avoids unnecessary data retention. Each model is trained on public datasets. Crime data is anonymised and used only for intelligence, not identification. This reduces risk and bias.
It supports safer policing. The system can reduce misidentification, help match known suspects to locations and events. This gives officers better information during investigations.
The system can be used in multiple ways. It can support the analysis of snapshots from CCTV sources and assist in reviewing past evidence. These uses improve operational decision-making.
By linking AI with structured crime data, this work goes beyond recognition. It shows how facial data can support risk-based policing. The research proposes a framework that aims to be fast, accurate, and secure. It is designed as a foundation for potential use in law enforcement settings [11, 12, 13, 14, 15, and 16].
This contribution has value for researchers, developers, and public safety teams.
[bookmark: _Toc216098088]2. Literature review
[bookmark: _Toc216098089]2.1 Introduction and Scope
This literature review provides the foundation for developing a system that integrates 3-D facial recognition and predictive crime intelligence. Its purpose is to identify key methods, tools, and challenges in the field. The review focuses on four technical areas.
First, it examines facial landmark detection, which supports face alignment across poses. Second, it covers 3-D reconstruction, which helps overcome occlusion and profile limitations. Third, it reviews facial recognition models, including embedding techniques and deep learning loss functions. Finally, it considers governance and ethical concerns, such as bias, fairness, and lawful data use.
These themes inform the research design and highlight current gaps in real-world deployment.
[bookmark: _Toc216098090]2.2 Thematic Review
[bookmark: _Toc216098091]2.2.1 Landmark Detection
Landmark Detection identifies key facial points to support alignment and reconstruction. Classical 2-D methods struggle under large pose variation.  This project does not use 3DDFA or any external pre-trained alignment libraries. Instead, a custom 68-point landmark detection model is trained from scratch using the AFLW2000-3D dataset. It supports pose-aware alignment and handles moderate variations by estimating occluded features. FAN (Face Alignment Network) was also reviewed as a heatmap-based method, but was not implemented. The custom model enables consistent alignment for downstream 3-D reconstruction and facial recognition, supporting unconstrained input conditions [17, 18, 19, 20, 21, and 22].
[bookmark: _Toc216098092]2.2.2 3-D Facial Reconstruction
	3-D reconstruction maps 2-D facial images to 3-D shape. This enhances recognition under occlusion, side views, and varied lighting. Early work used 3-D Morphable Models (3-DMM), which require fitted parameters and high-quality images. Newer methods use deep learning. Models based on deep mesh regression learn to predict 3-D vertices from 2-D images. These models are faster and work with noisy data. Some rely on weak supervision, using synthetic datasets or paired geometry like AFLW-2000-3-D. Researchers also utilise template assets such as the FLAME head mesh [38 and 39]. These assets give a stable geometric reference. They help evaluate the accuracy of reconstructed 3-D Shapes. Reconstruction adds depth to facial analytics, expanding identification capability in surveillance [17, 18, 19, 20, 21, and 22].
[bookmark: _Toc216098093]2.2.3 Facial Recognition
	Facial recognition converts a face into a numerical embedding. This embedding represents identity in a compact form. Early systems used handcrafted features such as LBP and HOG. These systems fail with pose changes, blur, and low-quality images. Deep learning improved recognition by learning features directly from data. Convolutional neural networks produce stable features even when images vary in angle or lighting.
	Many recognition models use Cross-Entropy loss. This loss separates classes during training. It is simple, stable, and effective on labelled datasets. Networks trained with Cross-Entropy can learn features that generalise to new images. Other functions improve cluster separation but require more tuning. They remain important in research as an alternative to unconstrained face recognition.
	Benchmark models such as InsightFace’s “Buffalo” family perform well on public datasets. They are often used to compare new recognition methods. They are not part of the system in this project.
	Facial recognition links to the earlier stage of the pipeline. Landmark detection aligns the face. Reconstruction provides geometric cues. Recognition then maps the processed face to an embedding. This embedding can be analysed with anonymised crime data. It supports crime intelligence research while meeting data protection standards [17, 27, 28, 29, 30, 31, 32, and 33].
[bookmark: _Toc216098094]2.2.4 Crime Data Analytics
	Crime data helps connect identity with real-world context. Open datasets from the police in the UK include crime reports with incident month, approximate location (e.g. street points or LSOA area), offence category, and outcome type. These are often released in CSV format and can be converted to Parquet for fast querying. Matching face embeddings with crime data enables new forms of insight; for example, repeated presence in the same hotspot or offence type may indicate emerging risk. Temporal and spatial analysis allows correlation with incidents while preserving anonymity, as no names or directly identifiable personal information are used.
	The project also includes basic contextual signals, such as attire, accessories, or observable items in the scene, with time and place, as further “non-fact” characteristics. These indicators cannot identify a person on their own, but can enhance person-of-interest analysis when they are combined with facial embeddings and crime records. Integrating face data requires careful design so that predictions are aligned with time and place while still meeting data protection requirements [17, 18, 19, 20, 21, and 22].
[bookmark: _Toc216098095]2.2.5 Object Detection
	Object detection identifies within an image. It places bounding boxes around items and assigns labels to them. Early systems relied on sliding windows and simple classifiers. These systems were slow and struggled with complex scenes.
	Deep learning changed detection through convolutional models. YOLO introduced a one-stage design that predicts classes and locations in a single step. This approach is faster than two-stage detectors. YOLOv8 is a recent model with strong accuracy and low delay. It performs well on images with noise, motion blur, or low resolution. Research often applies object detection to locate faces before further analysis. This creates clean inputs for later processing steps [34, 35].
[bookmark: _Toc216098096]2.2.6 Crime Forecasting
	Crime forecasting studies trends in incident data over time. Time-series model examines past patterns to predict future activity. Traditional statistical models, such as ARIMA, require careful tuning.
	Recent work uses automated forecasting methods. Prophet is a common tool for time-series analysis. It handles seasonality, long-term patterns, and missing values. It performs well on monthly crime reports and other public datasets. Forecasting helps highlight hotspots and shifts in crime levels. These insights support strategic planning and intelligence research. They show how temporal analysis can complement biometric data in analytical frameworks [36 and 37].
[bookmark: _Toc216098097]2.2.7 Governance and Ethics
	Facial recognition carries social and legal risks. Systems must adhere to data protection principles, such as purpose limitation and minimisation. Bias is a critical issue. Recognition models may perform unevenly across ethnic groups or genders if training data is imbalanced. Fairness monitoring and bias audits are required before deployment. Measures such as DPIAs (Data Protection Impact Assessments) for live deployments, RBAC (Role-Based Access Control), encryption, and audit logs help manage technical compliance. These safeguards ensure that the system is trusted and legally deployable [17, 18, 19, 20, 21, and 22].
[bookmark: _Toc216098098]2.3 Frameworks and Tools
	This proposal draws on tools that support deep learning, data processing, and experimental evaluation. The tools provide flexibility for model design and ensure that results are reproducible in a research environment.
	PyTorch is a widely used deep learning framework. It offers dynamic computation graphs and supports custom neural network design. It also provides GPU acceleration. Many studies in facial recognition and 3-D reconstruction use PyTorch to train modern models.
	InsightFace offers reference implementations for face recognition. It includes pre-trained models and evaluation tools. It provides a structured way to examine embedding quality and similarity measures. These resources help define how facial features can be represented and compared in research.
	Pandas is a common library for data handling. It supports, cleaning and restructuring of tabular datasets. Crime data for UK Police sources is often published in CSV format. These files can be converted into formats such as Parquet to support faster analysis. Time and location fields can then be aligned with model outputs.
	Other tools, such as containerisation platforms or lightweight API frameworks, are discussed in the literature as ways to support modular experimentation. They allow components to be separated during testing and help maintain consistent environments. These tools can also support future deployment if the system evolves beyond research.
	The proposed framework connects several models in sequence. Landmark detection provides aligned facial regions. Reconstruction adds 3-D structure. Recognition maps the aligned face to an embedding. Crime analytics then interprets this embedding alongside anonymised incident data. This modular design allows each stage to be evaluated independently and supports clearer analysis of system performance [7, 17, 18, 19, 20, 21, and 22].
[bookmark: _Toc216098099]2.4 Research Gaps and Positioning
	Current facial recognition systems typically focus on identification or verification. These systems often perform well in lab conditions but show reduced accuracy in real-world scenarios such as law enforcement. While recent developments in deep learning have improved model accuracy, most of the research and commercial solutions still rely on 2-D, which are highly sensitive to pose and occlusion. As a result, these models struggle with side-profile or blurred images, particularly for CCTV or body-worn cameras.
	Another major limitation is that the existing literature has a narrow application focus. Most systems are designed to return an identity, but do not support further analysis. They are not designed to link recognition results with wider crime trends, event contexts, or predictive intelligence. This means the use of facial recognition remains reactive, focused on who was there, rather than proactive, supporting why or where incidents are likely to happen.
	Few studies have proposed an integrated approach that combines 3-D facial recognition with crime intelligence. Research in facial geometry and research in crime analytics often remain separate. Even advanced systems that adopt 3-D reconstruction do not connect facial embeddings with real-world datasets like police records or location-based trends.
	This study directly addresses that gap. It proposes a framework that moves beyond recognition and into prediction. The framework explores how 3-D face geometry, embedding generation, and structured crime data can be aligned by time and location. This creates a research-based model concept, rather than an operational tool, and supports investigation and predictive tasks in a controlled academic context.
	By embedding face data into a wider analytical framework, this project positions itself at the intersection of biometrics, AI and intelligence-led policing. It offers a new direction in which facial recognition is not just about who someone is, but about what their presence may indicate in a broader public safety context [17, 18, 19, 20, 21, and 22].
[bookmark: _Toc216098100]2.5 Literature Summary
	The literature review outlines the main elements needed for a 3-D facial recognition framework linked with crime intelligence.
	It first examined landmark detection. Studies in this area show how regression models and heatmap networks support alignment. Research highlights the value of pose-aware models trained on datasets such as AFLW2000-3D. These methods prepare facial images for later processing.
	The review then considered 3-D facial reconstruction. Classical approaches include 3-D Morphable Models. These models work well with clean images but fail in unconstrained settings. Deep learning methods improve this by predicting shape directly from 2-D input. These approaches reduce errors caused by occlusion, pose, and lighting.
	Facial recognition methods were also reviewed. The literature highlights Cross-Entropy as a common supervised loss for identity learning. It separates classes during training and produces stable embeddings in controlled datasets. Benchmark models such as the Buffalo family appear in research for comparison, but they do not form part of the proposed pipeline.
	Crime data analytics formed another part of the review. Studies often use structured datasets from police sources. These datasets include crime type, month, and approximate location. The literature shows limited work that links biometric features with temporal or spatial crime trends.
	Ethical topics were also identified. These include bias, fairness, transparency, and accountability. Many studies acknowledge these issues but offer limited practical solutions.
	In summary, the fields of landmark detection, reconstruction, and crime analytics have advanced independently. Very few studies integrate these components within one analytical framework. This project aims to explore that integration in a research setting. External embeddings are used only for comparison, while the proposed model relies on Cross-Entropy for learning facial identity.
[bookmark: _Toc216098101]3. Research Design and Methodology
[bookmark: _Toc216098102]3.1 Research Design
	This study adopts a design approach. It focuses on creating and analysing a conceptual framework for 3-D facial recognition and crime intelligence. The research aims to explore how each component can work together in a modular design.
	The design science approach is appropriate for this work. It supports the development of an artefact while generating new insight. Furthermore, insight relates to how facial embeddings can link with crime data, how 3-D reconstruction may improve recognition, and how these processes can be aligned with ethical practice. Thus, it considers how a multimodal system can be planned for public safety without breaching privacy laws.
	The proposal follows the objectives set out in Section 1.3. It begins with a review of current methods and practices. It then includes the collection and preparation of public datasets. Additionally, framework design is structured into stages. These stages are landmark detection, 3-D reconstruction, facial recognition, and crime data analysis. Each stage is examined independently before being integrated into the overall conceptual pipeline.
	The design remains research-focused. It outlines how a future system could operate, but does not claim real-time deployment. It avoids operational details and instead presents a model that supports experimentation and evaluation in a controlled environment.
	This approach allows innovation while maintaining academic and ethical standards. Figures 1 and 2 present the conceptual structure and the proposed end-to-end workflow.
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Figure 1 Concept ecosystem of the proposed AI-powered facial recognition and crime analytics system, showing data ingestion, model components, access interfaces, and security checkpoints.
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Figure 2 End-to-end pipeline.
[bookmark: _Toc216098103]3.2 Research Methods
	This study adopts a quantitative and experimental method. It focuses on measurable outputs such as accuracy, F1 score, cosine similarity, and reconstruction error. These metrics allow each component of the framework to be examined in a controlled setting.
	The research uses a design science strategy. This strategy supports the development of a conceptual framework and its evaluation. Each component is analysed as a separate module. These components include landmark detection, 3-D reconstruction, facial recognition, object detection, and crime data analysis.
	The methodological workflow follows a structured sequence. Images from public datasets from the as input. Landmark detection aligns the face. Reconstruction predicts a 3-D mesh from the aligned image. Recognition produces an embedding using a model trained with Cross-Entropy. The embedding represents identity. Crime data analysis explores how these embeddings may relate to anonymised crime patterns.
	Object detection forms an additional analytical stage. YOLO models are examined to detect people and visible objects such as knives or bats in unconstrained scenes. These detections offer contextual cues. They do not identify individuals. They provide scene-level features that can support later analysis.
	Crime forecasting is also explored. Prophet appears in the literature as a method for modelling time-series trends. It supports long-term and short-term predictions. Prophet helps analyse how incident counts vary over months or seasons. These forecasts give temporal context when linking facial analytics with crime data.
	The study evaluates embedding quality metrics such as cosine similarity, k-NN accuracy, and diagnostic space. External embeddings from the Buffalo model act as a comparison baseline. They are used only for evaluation and do not form part of the proposed framework.
	The methodology remains research-focused. It does not involve deployment, live surveillance, or operational systems. It provides a structured way to test each component in isolation. It also explores how these components may support a combined analytical model. Figure 3 illustrates the proposed workflow.
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Figure 3 End-to-end data flow for facial recognition and crime integration, covering dataset input, model training, embeddings generation, and crime analytics.
[bookmark: _Toc216098104]3.3 Materials
[bookmark: _Toc216098105]3.3.1 Datasets
	FaceScrub (43,124 images, 265 identities for actor faces, 265 identities for actress faces) trains the facial recognition model. It utilises Cross-Entropy loss to learn identity embeddings. The dataset also supports comparison with external benchmarks.
	AFLW2000-3D (2,000 annotated faces) supports landmark detection and 3-D reconstruction. Each image provides paired 2-D and 3-D annotations. Furthermore, annotations help with evaluation alignment and shape prediction.
	FLAME template assets for reconstruction to process utilising the FLAME head mesh (head_template_mesh.obj) and associated landmark embedding file (landmark_embedding.npy). These assets provide a stable geometric template. They act as fixed references for predicting 3-D face structure from 2-D input.
	UK Police Crime Data (2022-2025) is released in CSV format. Files are converted to Parquet to support efficient analysis. Records include month, approximate location, offence type, and outcome. All information is anonymised. No personal identifiers are processed.
[bookmark: _Toc216098106]3.3.2 Software stack
	This research uses a small set of software tools to support deep learning, computer vision, and data analysis. These tools enable controlled experiments across the proposed framework.
	Python provides the main environment for model training, data processing, and experimental analysis.
	React supports simple prototype interfaces for displaying model outputs and visualisation during experimentation.
	Uvicorn acts as a lightweight server during testing. It allows experimental components to be accessed through local endpoints.
	Visual Studio Code is utilised as the primary development environment for writing, testing, and organising project files.
	PyTorch provides the core environment for training neural networks. It supports the landmark, reconstruction, and recognition models.
 	Ultralytics YOLO models detect visible objects in snapshots. These models are pre-trained on the COCO dataset. They provide scene-level context and do not influence identity prediction.
	InsightFace provides a benchmark facial recognition model. These models are used only for comparison with the proposed recognition model.
	Prophet supports time-series forecasting. It models season trends in aggregated crime data and provides a temporal context for analysis.
	Data processing libraries as Pandas, Polars, NumPy, and PyArrow support loading, filtering, and transforming facial and crime datasets.
	Computer vision libraries like OpenCV and Pillow support image preprocessing and visualisation.
	Evaluation libraries such as scikit-learn provide tools for k-NN evaluation, cosine similarity, and diagnostic metrics. Furthermore, matplotlib, seaborn, and plotly support visualisation of embeddings, reconstruction outputs, and crime trends.
	These tools enable the researcher to test each component in isolation and explore how the components may integrate within the proposed analytical framework.
[bookmark: _Toc216098107]3.3.3 Hardware
	Development and testing are conducted on:
· A Razer Blade 15 (2021) with Intel Core i7, 32GB RAM, 512GB SSD, and an NVIDIA RTX 3060 series GPU.
[bookmark: _Toc216098108]3.3.4 Ethical Considerations
	All datasets used in this project are publicly available and anonymised. UK police crime data are used only at the level of month, general area, offence type and outcome. No names, exact addresses or other direct identifiers are processed. The project does not attempt to re-identify any individual.
	The system includes a simulated Data Protection Impact Assessment (DPIA) layer. This layer shows how legal and ethical risks would be handled in practice. Bias checks are used to monitor recognition performance across demographic groups. Audit logs are kept for every API request.
[bookmark: _Toc216098109]4. Expected Outcomes
	This research is expected to produce a modular framework for combining 3-D facial analysis with crime-related data. The framework aims to improve recognition accuracy in challenging conditions and to support analytical work within controlled research settings.
	Technical outcomes include improvements over traditional 2-D recognition. The uses of 3-D reconstruction are expected to increase robustness under pose changes, occlusion, and low image quality. The facial recognition model, trained with Cross-Entropy, is expected to produce stable embeddings for identity comparison. These embeddings may then be evaluated against established baselines.
	The research is also expected to show how facial embeddings can be examined alongside anonymised crime data. This may reveal patterns related to time, location, or incident type. These findings would demonstrate the potential value of linking biometric information with structured crime datasets. They remain exploratory and do not form an operational intelligence system.
	The framework is expected to highlight practical considerations for future work. These include computational cost, data quality, and the need for clear governance. Ethical use of facial analytics requires safeguards, transparency, and lawful processing. The study recognises these constraints and treats them as a part of the evaluation.
	Overall, this project is expected to deliver measurable insights into 3-D recognition performance and its possible connection to crime-related analysis. The outcomes support further academic investigation without making claims about real-time deployment or operational policing use.
[bookmark: _Toc216098110]5. Timeline
	The project runs from 5 October 2025 to 6 January 2026. The early phase focuses on the literature review, framework design, and the planning of the experimental methods. These tasks include reviews of facial modelling, embedding techniques, and crime-data analytics.
	The next phase prepares the datasets. This includes FaceScrub, converting UK Police crime records, and organising AFLW2000-3D annotations. Each dataset is prepared for use in the planned experiments.
	Model development follows. The work includes landmark detection, 3-D reconstruction, and facial recognition training. Object detection and time-series forecasting are also examined during this stage. Each model is tested and independently before being used in combined experiments.
	The evaluation phase runs throughout the project. It includes embedding analysis, recognition tests, and comparison with baseline models. Ethical checks and bias checks are also carried out during this stage.
	The final phase focused on documentation, results interpretation, and preparation for submission. Figure 4 presents the full Gantt chart. Each task is colour-coded to show the phase and the type of work involved.
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Figure 4 Project Timeline.
[bookmark: _Toc216098111]6. Conclusion
	This research proposes a modular framework for combining 3-D facial analysis with crime-related data. The framework addresses limitations found in 2-D recognition, including pose variation and reduced accuracy in surveillance settings. It also examines ways to link facial outputs with structured crime information.
	The study follows a research-led approach. It begins with a review of current methods. It then moves to model training and experimental analysis. Each component is evaluated through controlled tests. Ethical consideration guides the use of facial data throughout the process.
	The framework aims to explore how 3-D reconstruction, embedding generation, and crime-trend analysis may work together. The research does not create an operational system. Instead, it examines the feasibility and value of integrating these elements with a single analytical framework.
	The expected contribution is academic. The study provides insight into 3-D recognition performance, embedding behaviour, and the potential link between facial analytics and crime patterns. These findings support future research in biometrics and intelligence analysis.
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