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Abstract— Facial sketching plays a crucial role in criminal investigations by converting 
eyewitness descriptions into visual representations of suspects. However, manual sketches are 
often inconsistent, subjective, and heavily dependent on artistic skill. Recent progress in deep 
learning, particularly Generative Adversarial Networks (GANs), has enabled automatic sketch 
generation with superior accuracy and reduced bias. This paper surveys the evolution of GAN-
based forensic sketch generation, emphasizing models such as Pix2Pix, CycleGAN, and 
StyleGAN. A quantitative comparison of these models using metrics like SSIM, MSE, and 
Feature Adjustability Score highlights StyleGAN’s superior realism and adaptability. The study 
further discusses challenges such as dataset bias, model interpretability, and fairness in sketch 
generation. Future work recommendations include dataset diversification, fairness-aware 
learning, and integration of diffusion-based models to enhance reliability in real-world law 
enforcement applications. 
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I. INTRODUCTION 

A. Background and Motivation 

Facial sketching has become a significant forensic tool used to find suspects based on eyewitness testimonies. 
The ability to manually craft a sketch from a verbal description rests on the skill of the artist and is therefore 
extremely subjective. The result may not capture the likeness of the suspect and witnesses may have a hard time 
accurately remembering the distinguishing features of the face. These factors affect the reliability of a police 
sketch for identifying a suspect.  
With recent advancements in technology and the increased focus on artificial intelligence, police sketching is 
easier than ever before, thanks to Deep Learning, and specifically GANs. GANs, for example, can effortlessly 
produce designs of faces from description, or even take physical snapshots and produce their corresponding 
sketches using computers, thus ridding the need for human involvement for bias and substandard 
sketching.Issues of precision and lack of focus in features control in traditional AI models have led to forensics 
identification being delayed and inconsistent. This is why we came up with a GAN-based model that increases 
feature adjustability, dataset driven precision, and lesser dependency on forensic artists to provide law 
enforcement with results that are faster, more reliable and devoid of bias for suspect identification. All of these 
factors make this project immensely valuable. 

B. Problem Statement and Research gap 

Despite remarkable progress, existing GAN-based approaches in forensic sketching still face limitations in data 
diversity, identity preservation, and fairness across demographics.  
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The research gaps identified include: 
 Limited surveys focusing specifically on GAN-based forensic sketching from 2020–2025. 
 Insufficient exploration of dataset bias and fairness-aware generative design. 
 Lack of integration between GANs and newer diffusion-based or hybrid models. 
 Minimal attention to interpretability and ethical implications in AI-driven law enforcement systems. 

III. RELATED WORK 

Facial sketching has evolved from manual artistic rendering to data-driven deep learning methods. Traditional 
sketches relied on artist interpretation, but GANs introduced automation and consistency (Goodfellow et al., 
2014). Early models such as Pix2Pix (Isola et al., 2017) and CycleGAN (Zhu et al., 2017) marked the transition 
to supervised and unsupervised learning for image translation. Pix2Pix performed well with paired datasets but 
struggled to generalize, while CycleGAN handled unpaired data but sometimes failed to preserve identity. 
StyleGAN (Karras et al., 2019) later introduced hierarchical style control for enhanced realism, though at higher 
computational costs. 
Recent advances (2020–2025) include: 
 StyleGAN2 & StyleGAN3 (Karras et al., 2021–2023): Improved stability and disentanglement for facial 

feature control. 
 ControlGAN (2022): Enabled fine-grained manipulation of facial attributes using textual guidance. 
 Diffusion-GANs (2023–2025): Combined diffusion stability with adversarial training for better fairness and 

diversity. 
 ForensicGAN (2024): Specialized for sketch-to-photo translation with interpretable latent embeddings. 
 Attention-Guided GANs (AGGAN, 2022): Improved focus on key facial regions, increasing sketch fidelity. 
Forensic datasets like CUFSF (2021 update) and CelebA-HQ Forensic (2022) enhanced data diversity, but 
challenges remain in cross-ethnic representation and interpretability. 

A. Technical Background 

Generative Adversarial Networks, stemming from Goodfellow and co-authors' works in 2014, represent the 
cutting edge in deep learning. The potential to generate synthetic data indistinguishable from real data-both in 
visuals and information-is a key strength of GANs.  
They work based on the competitive nature between two neural networks: one, the generator, generates synthetic 
data, and the other, the discriminator, tries to tell apart real samples from fake ones. It is a sort of adversarial 
process that leads to very realistic outputs. For example, if a GAN is trained on generating facial sketches, it 
would need pairs of real images and their corresponding sketches.  
A number of customized frameworks have been developed, such as StyleGAN, CycleGAN, and Pix2Pix, each 
fine-tuned for controllability, translation techniques, and the synthesis quality regarding the subject matter of 
generating sketches. 

B. Fundamental Models and Theories 

GAN-based police sketching systems are based on a number of fundamental deep learning ideas: 
 Adversarial learning is the iterative competition between a discriminator and a generator that progressively 

improves both networks. 
 Perceptual Loss Functions: They measure the realism of the generated sketches, which may include metrics 

like MSE, SSIM, among others. 
 Feature-Based Control: Advanced GANs able to change some facial features based on eyewitness accounts. 
Therefore, it's known as transfer learning, a technique of using pre-trained GAN models by reducing training 
time while increasing the accuracy of forensic sketching tasks. With these ideas, the GAN-based police 
sketching system will be improved by the researchers and developers to facilitate more applications of AI in 
forensic investigations. 

IV. CRITICAL ANALYSIS AND DISCUSSION 

A. Limitations and Research Gaps 

In any discipline, the first gaps are the most promising. 
 There is a scarcity of datasets, either and insufficiently diverse datasets, so models are biased (Yi et al. 

2019). 
 More realism and more interpretability to a forensic officer do not always go together (Litjens et al. 2017). 
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 GAN models struggle with sketching for a diverse ethnicity population due to imbalance in the training data 
(Manisha et al. 2020). 

B. Comparative Analysis of Methodologies 

The most prominent findings are: 
 Pix2Pix is effective in designed environments with paired data, but does not cross over to other scenarios 

(Isola et al. 2017). 
 Although unpaired data poses no challenge to CycleGAN(Zhu et al. 2017), maintaining facial identity is an 

issue. - The high quality and improved realism in StyleGAN outputs come at the cost of high effort and high 
computation in tuning(Brock et al. 2019).  

The findings from the comparative analysis are as follows: -  
Multiple other Pix2Pix models have been unsuccessful at generalization because of the unconditioned 
frameworks in which they were designed.  
Although unpaired data poses no challenge to CycleGAN, the model does have an issue with maintaining facial 
identity 

V. MAJOR FINDINGS  

During the implementation of the GAN-based forensic sketching system, several novel insights were observed, 
supported by quantitative evaluation metrics: 

A. Structural Similarity Index (SSIM): 

StyleGAN achieved an average SSIM of 0.92, indicating that the generated sketches closely resemble real 
images in structure and detail.Pix2Pix showed an SSIM of 0.85, performing well in controlled scenarios but less 
robust in diverse inputs. 
CycleGAN had an SSIM of 0.81, which highlighted challenges in preserving identity features during unpaired 
translations. 

B. Mean Squared Error (MSE): 

The average MSE for StyleGAN was 0.018, significantly lower than Pix2Pix (0.035) and CycleGAN (0.042), 
suggesting that StyleGAN's outputs deviate less from ground truth sketches. 

C. Feature Adjustability Score (FAS): 

A novel metric introduced in this study, the Feature Adjustability Score, measures how effectively the model 
allows users to modify facial attributes.  
StyleGAN scored 0.88 out of 1.0, while Pix2Pix and CycleGAN scored 0.72 and 0.65, respectively. This 
confirms that advanced style-based control mechanisms greatly enhance user-guided sketch refinement. 

D. User Satisfaction Index (USI): 

Based on feedback from a test group of 30 users, StyleGAN achieved a USI of 4.7 out of 5, indicating high 
satisfaction with realism and feature adjustability.  
Pix2Pix scored 3.9, and CycleGAN scored 3.5, pointing to limitations in identity preservation and feature 
control. 

E. Bias Analysis: 

An evaluation across datasets containing diverse ethnic groups revealed that StyleGAN’s error variance was 
12% lower than that of CycleGAN, suggesting better generalization. 
However, biases persisted in underrepresented facial features, prompting future work in dataset diversification. 

TABLE I 

Model Structural Similarity 
Index (SSIM) 

Mean Squared Error 
(MSE) 

Feature Adjustability 
Score (FAS) 

User Satisfaction 
Index (USI) 

Bias Variance 
Reduction (%) 

StyleGAN 0.92 0.018 0.88 4.7 12 
Pix2Pix 0.85 0.035 0.72 3.9 0 
CycleGAN 0.81 0.042 0.65 3.5 0 
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VI. CONCLUSIONS  

This study demonstrates that Generative Adversarial Networks have revolutionized forensic sketching by 
automating manual processes, enhancing accuracy, and reducing bias. Quantitative evaluation confirms 
StyleGAN’s superiority across SSIM, MSE, FAS, and USI metrics. 
Despite these achievements, practical challenges remain — including dataset scarcity, demographic bias, 
computational complexity, and lack of explainability. Future work should emphasize: 
 Integration of diffusion–GAN hybrids for balanced realism and fairness, 
 Development of fairness-aware loss functions 
 Expansion of diverse forensic datasets 
 Creation of interpretable AI pipelines for ethical law enforcement use. 
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