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INTRODUCTION 
 

Handwriting analysis has long been an integral aspect of forensic science, playing a crucial role in criminal investigations, 

civil disputes, and authenticating documents. Unlike other forms of physical evidence, handwriting offers a unique insight 

into the behavioral and psychological traits of an individual, alongside its utility in linking a suspect to a crime. [1] 

Historically, forensic handwriting analysis has been grounded in manual examination techniques where experts 

meticulously scrutinize the minutiae of handwritten text, including slant, pressure, spacing, letter formation, and overall 

stylistic features. These traits, often referred to as individualizing characteristics, serve as the basis for determining 

authorship or identifying inconsistencies within documents. [2] While manual handwriting analysis is both nuanced and 

specialized, it is inherently prone to human error, subjectivity, and limitations in handling large volumes of data. 

Consequently, this traditional approach, despite its effectiveness, requires substantial augmentation to meet the demands 

of modern forensic investigations. The advent of digital technologies and artificial intelligence has paved the way for 

automated handwriting analysis, marking a significant paradigm shift in this domain. [3] The growing complexity of 

forensic investigations and the increasing reliance on scientific methodologies in legal systems worldwide have 

underscored the necessity for objective, reliable, and efficient tools in handwriting analysis. Automation, powered by 

machine learning algorithms, neural networks, and pattern recognition systems, offers the potential to overcome the 

limitations of manual methods [4] Automated handwriting analysis systems can process large datasets with unparalleled  
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This review paper critically examines automated techniques for handwriting analysis in 

forensic science, focusing on their accuracy, efficiency, and limitations compared to 

traditional manual methods. Handwriting analysis has long been integral to forensic 

investigations, but manual approaches often face challenges such as subjectivity, 

scalability, and the inability to handle large datasets. The emergence of automated systems, 

powered by technologies like Optical Character Recognition (OCR), machine learning, and 

deep learning, has introduced trans formative capabilities, offering precision, scalability, 

and objectivity in handwriting analysis. Through a comparative analysis of automated 

techniques, including CEDAR-FOX, FLASH ID®, and advanced neural network models, 

this study highlights the strengths and weaknesses of these systems. While automated 

approaches demonstrate remarkable accuracy in feature extraction and scalability, they are 

limited by their dependency on high-quality input data, challenges in interpreting cursive 

or degraded handwriting, and the lack of standardized datasets. Moreover, ethical and legal 

concerns related to the black-box nature of AI systems and their admissibility in courtrooms 

are discussed. The paper concludes by recommending the integration of hybrid systems that 

combine human expertise with automation, the development of diverse training datasets, 

and the need for transparent algorithms. These advancements can bridge the existing gaps, 

ensuring reliable, efficient, and legally robust handwriting analysis in forensic applications. 
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speed, provide quantifiable metrics, and minimize 

subjective biases associated with human interpretation. 

These systems leverage sophisticated algorithms to extract, 

analyze, and compare handwriting features, ensuring 

greater precision and reproducibility. In particular, the 

integration of artificial intelligence (AI) into handwriting 

analysis has enabled the detection of subtle patterns and 

anomalies that might elude human observation. [5] 

Furthermore, automation enhances the scalability of 

handwriting analysis, allowing forensic laboratories to 

handle high case volumes efficiently. As criminal activities 

become increasingly globalized and technologically 

sophisticated, the importance of automation in handwriting 

analysis cannot be overstated. [6] 

 

The objectives of this review paper are threefold. First, it 

seeks to provide a comprehensive overview of the 

automated techniques currently employed in handwriting 

analysis, exploring the technologies, methodologies, and 

algorithms that underpin these systems. By examining the 

state-of-the-art tools and approaches, the paper aims to 

highlight the advancements in this field and their 

implications for forensic science. [7] Second, the review 

critically evaluates the accuracy, efficiency, and 

limitations of automated handwriting analysis systems in 

comparison to traditional manual methods. This 

comparative analysis is essential for understanding the 

strengths and weaknesses of automation, as well as its 

applicability in real-world forensic contexts. By delving 

into the nuances of system performance, the paper aims to 

provide insights into the practical challenges and 

considerations involved in adopting these technologies. [8] 

Third, the review identifies the gaps in current research and 

practice, offering recommendations for future 

advancements in automated handwriting analysis. These 

recommendations focus on integrating hybrid models, 

enhancing algorithmic capabilities, and addressing the 

ethical and legal concerns associated with automated 

systems in forensic applications.  Handwriting analysis 

remains a cornerstone of forensic document examination, 

yet its evolution is imperative to keep pace with the 

technological advancements and demands of contemporary 

investigations. Traditional methods, while rich in expertise 

and interpretative depth, face significant challenges in 

terms of scalability, speed, and objectivity [9] Automated 

handwriting analysis presents a trans formative 

opportunity to bridge these gaps, offering tools that are not 

only efficient but also capable of delivering consistent and 

scientifically rigorous results. However, the transition from 

manual to automated systems is not without its challenges. 

Issues such as the quality and standardization of 

handwriting datasets, the interpret-ability of AI-driven 

results, and the legal admissibility of automated analysis in 

courtrooms must be addressed comprehensively. This 

paper aims to serve as a critical resource for forensic 

practitioners, researchers, and legal professionals, 

shedding light on the current state and future potential of 

automated handwriting analysis in forensic science. [10] 

 

FUNDAMENTALS OF HANDWRITING ANALYSIS 

 

Handwriting analysis, often termed forensic graphology, 

has evolved into a specialized domain within forensic 

science, involving meticulous examination of writing 

patterns to establish authorship, authenticity, or potential 

forgery. Beyond its apparent visual representation, 

handwriting is a complex psycho-motor activity, shaped by 

neurological, physiological, and psychological factors. 

Understanding its fundamentals requires a deep 

exploration of the interplay between motor skills, cognitive 

processes, and environmental influences, which 

collectively give rise to an individual’s unique handwriting 

traits. [11] 

Neuromotor Basis of Handwriting: Handwriting is 

primarily governed by the central nervous system, 

involving intricate coordination between the brain's motor 

cortex, the musculoskeletal system, and sensory feedback 

mechanisms. The process begins with the brain generating 

motor commands that guide hand movements, influenced 

by learned patterns of letter formation. [12] These motor 

commands are transmitted through the spinal cord and 

peripheral nerves, resulting in precise muscular 

contractions. Fine motor skills, such as finger dexterity and 

hand-eye coordination, further refine the strokes and 

patterns of handwriting. Studies have shown that 

handwriting characteristics are deeply influenced by 

neuromotor control, with deviations in handwriting often 

serving as indicators of neurological disorders, fatigue, or 

emotional stress. [13] 

Key Features in Handwriting Analysis: Forensic 

handwriting analysis focuses on identifying individual 

characteristics within writing samples. These 

characteristics are broadly classified into class and 

individual traits. Class characteristics include features 

shared by a group of writers, such as the general style of 

cursive or print handwriting taught during schooling. 

However, forensic experts emphasize individual traits 

subtle deviations that emerge due to personal habits, 

physical differences, and subconscious variations. [14] Key 

features includes 

1. Line Quality: The smoothness or irregularity of 

strokes reveals insights into the writer's control and 

consistency. Uneven pressure or jagged lines may 

indicate tremors, nervousness, or forgery attempts. 

2. Slant: The inclination of letters, whether leftward, 

rightward, or vertical, reflects psychological and 

personality traits. For instance, a forward slant may 

indicate assertiveness, while a backward slant might 

suggest introversion. 

3. Spacing: Analysis of spacing between words, letters, 

and lines provides information about the writer's 

habits, attention to detail, and spatial awareness. 

4. Pressure: Variations in pen pressure, visible in the 

thickness or indentation of strokes, help determine 

emotional state, writing speed, and potential forgery. 

5. Proportions: The relative size of letters and their 

parts, such as the height of ascenders (e.g., in 'l') and  

 

36 | Page

.



 

3 | P a g e  
 

Tripathi S Automated Forensic Handwriting Analysis 

descenders (e.g., in 'y'), reflects consistency and 

individuality. 

6. Baseline Alignment: Deviation from a straight 

baseline may suggest personality traits, physical 

instability, or attempts at disguise. 

Handwriting as a Behavioral Biomarker: Handwriting is 

often considered a behavioral biomarker, offering insights 

into the writer's cognitive and emotional state. The 

interplay of psychological and physiological factors 

manifests in handwriting patterns, making it a window into 

the writer’s identity. Forensic experts analyze these 

patterns to differentiate between natural variations and 

deliberate alterations. For instance, heightened emotional 

stress can lead to uneven pressure, erratic line quality, or 

abrupt changes in writing style. [15] 

Applications in Forensic Investigations: In forensic 

contexts, handwriting analysis plays a pivotal role in 

criminal and civil investigations. Authorship verification is 

central to cases involving anonymous letters, ransom notes, 

or disputed wills. [16] The comparison of questioned 

documents with known samples (exemplars) involves a 

systematic evaluation of writing features to establish a 

match or discrepancy. Forgery detection is another critical 

application, focusing on identifying alterations, 

simulations, or tracing attempts in documents. Advanced 

imaging techniques, such as spectral analysis and digital 

magnification, are employed to detect underlying strokes, 

ink variations, and erasures. [17] 

Challenges and Limitations: Despite its utility, 

handwriting analysis is not without challenges. Natural 

variations in a person's handwriting, influenced by factors 

like age, health, and writing conditions, can complicate 

comparisons. [18] The absence of standardized benchmarks 

for evaluating individual traits further introduces 

subjectivity, requiring expert judgment. Moreover, in cases 

involving skilled forgeries or disguised writing, 

distinguishing between genuine and manipulated 

handwriting demands high levels of expertise and 

technological support. [19] 

Integration of Technology in Handwriting Analysis: 

Advancements in technology have transformed traditional 

handwriting analysis, supplementing manual expertise 

with automated tools. Digital systems leverage algorithms 

for feature extraction and pattern recognition, enhancing 

objectivity and reproducibility. However, these systems 

remain reliant on robust datasets and expert oversight to 

ensure accuracy. The integration of artificial intelligence 

and machine learning promises significant improvements 

in analyzing complex patterns, identifying forgery 

techniques, and increasing the reliability of handwriting 

evidence. [20] 

 

AUTOMATED TECHNIQUES FOR 

HANDWRITING ANALYSIS 

 

Automated handwriting analysis has revolutionized 

forensic science, providing an efficient and systematic 

approach to examining handwriting for authentication, 

authorship attribution, and forgery detection. The 

integration of computational algorithms, machine learning 

models, and artificial intelligence (AI) has significantly 

enhanced the accuracy and scalability of handwriting 

analysis, addressing some limitations of manual 

examination. This section delves into the advanced 

techniques and tools used in automated handwriting 

analysis, highlighting their methodologies, applications, 

and key advancements. [21] 

Optical Character Recognition (OCR)-Based Systems: 

One of the foundational technologies in automated 

handwriting analysis is Optical Character Recognition 

(OCR). OCR systems convert handwritten text into 

machine-readable formats by analyzing character shapes 

and patterns. While OCR is primarily used for digitizing 

text, its adaptability to forensic handwriting analysis stems 

from its ability to extract and compare unique handwriting 

features. [22] Advanced OCR systems incorporate pre-

processing techniques such as binarization, noise 

reduction, and skew correction to enhance image quality 

before feature extraction. Despite its utility, OCR is limited 

in handling cursive or stylized handwriting, often requiring 

supplementary algorithms for better accuracy in forensic 

applications [23] 

Feature Extraction Techniques: Feature extraction lies at 

the core of automated handwriting analysis, as it identifies 

distinctive attributes of handwriting that can be quantified 

and compared. These features can be broadly classified 

into three categories: global, local, and geometric. 

 Global features include overall handwriting 

characteristics such as slant, size, and baseline 

alignment. 

 Local features focus on specific details like pen 

pressure, stroke continuity, and letter formation. 

 Geometric features analyze spatial relationships 

between characters, words, and lines. 

State-of-the-art algorithms like Histogram of Oriented 

Gradients (HOG) and Scale-Invariant Feature Transform 

(SIFT) are widely used for extracting these features. Such 

algorithms allow for robust comparisons across diverse 

handwriting samples, even under variations in writing 

instruments and surface conditions. [24] 

Machine Learning-Based Systems: Machine learning 

(ML) has emerged as a transformative technology in 

handwriting analysis, offering the ability to train models on 

large datasets to identify complex patterns. Supervised 

learning algorithms such as Support Vector Machines 

(SVM) and Random Forests are commonly employed for 

handwriting classification tasks. These models rely on 

labeled training data to learn the distinguishing features of 

handwriting, enabling them to classify or match 

handwriting samples with remarkable precision. [25] 

Unsupervised learning methods, like clustering algorithms, 

are used for grouping handwriting samples without prior 

labeling, which is particularly useful in cases involving 

multiple unknown writers. Hybrid approaches combining 

supervised and unsupervised learning have also shown 

promise in handling forensic scenarios with limited labeled 

data. 

Deep Learning Approaches: Deep learning, a   subset   of  

machine learning, has further elevated the capabilities of 

automated handwriting analysis. Convolutional Neural 
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Networks (CNNs) are especially popular due to their 

proficiency in image recognition tasks. CNNs can 

autonomously learn and extract intricate handwriting 

features from raw image data, eliminating the need for 

manual feature engineering. Techniques like transfer 

learning and data augmentation enhance the performance 

of CNNs, particularly in cases with limited forensic 

handwriting datasets. Recurrent Neural Networks (RNNs) 

and Long Short-Term Memory (LSTM) networks are 

employed to analyze the sequential nature of handwriting. 

These models excel in tasks requiring temporal context, 

such as detecting dynamic writing patterns or identifying 

forgery attempts in signatures. Forensic applications have 

also benefited from ensemble models that combine CNNs 

and RNNs, leveraging the strengths of both architectures. 

[26] 

Hybrid Systems: Hybrid systems that integrate traditional 

image processing techniques with advanced machine 

learning models have gained traction in forensic 

handwriting analysis. These systems combine the 

interpretability of rule-based approaches with the 

predictive power of machine learning, resulting in 

improved accuracy and robustness. For example, a hybrid 

system may use traditional methods to preprocess 

handwriting images and extract global features while 

employing a neural network for classification. [27] 

Emerging Technologies and Innovations: Recent 

advancements in AI and biometrics have introduced novel 

methods for handwriting analysis. Graph-based 

algorithms, such as graph neural networks (GNNs), model 

handwriting as a graph structure, capturing relational 

information between strokes and characters. Similarly, 

generative models like Variational Autoencoders (VAEs) 

and Generative Adversarial Networks (GANs) are being 

explored for simulating handwriting samples and detecting 

subtle anomalies indicative of forgery. [28] The integration 

of handwriting analysis with multimodal biometrics is 

another emerging trend. By combining handwriting 

features with other biometric modalities like voice or 

keystroke dynamics, forensic scientists can achieve higher 

levels of authentication and writer identification. These 

multimodal systems are particularly useful in scenarios 

where handwriting alone may not provide conclusive 

evidence. [29] 

 

Table 1. Comparison of Automated Techniques in 

Handwriting Analysis 

Technique Key 

Features 

Strengths Limitations 

OCR-

Based 

Systems 

Character 

recogniti

on, pre-

processin

g 

High speed, 

good for 

digitizing 

text 

Struggles 

with 

cursive/styliz

ed 

handwriting 

Feature 

Extraction 

Global, 

local, 

geometri

c features 

Robust 

across 

variations, 

interpretabl

e results 

Manual 

feature 

selection can 

be subjective 

ML-Based 

Systems 

SVM, 

Random 

Forests 

Accurate 

classificatio

n, scalable 

Requires 

large labeled 

datasets 

Deep 

Learning 

CNNs, 

RNNs, 

LSTMs 

Learns 

complex 

patterns, 

handles 

noisy data 

Computation

ally intensive, 

data-hungry 

Hybrid 

Systems 

Tradition

al + AI 

integratio

n 

Combines 

interpretabil

ity and 

predictive 

power 

Complexity 

in system 

design 

Emerging 

Technolog

ies 

GNNs, 

GANs, 

multimod

al 

biometric

s 

Novel 

insights, 

forgery 

detection 

Still in 

experimental 

stages 

 

Automated handwriting analysis continues to evolve with 

advancements in computational capabilities and AI 

technologies. These techniques have not only improved the 

accuracy and efficiency of forensic handwriting 

examination but have also opened new possibilities for 

addressing challenges that were previously 

insurmountable. However, their application must be 

carefully validated to ensure reliability in legal contexts.[30] 

 

COMPARATIVE ANALYSIS OF AUTOMATED 

TECHNIQUES FOR HANDWRITING ANALYSIS 

 

Automated handwriting analysis has significantly 

advanced forensic document examination by improving 

the accuracy, efficiency, and objectivity of writer 

identification and verification through the integration of 

image processing, statistical modelling, and artificial 

intelligence. Among the widely used systems, CEDAR-

FOX, developed by the Center of Excellence for Document 

Analysis and Recognition (CEDAR), analyzes both macro-

level features (such as slant, spacing, and connectivity) and 

micro-level features (individual letter formations) and 

applies a log-likelihood ratio framework to estimate the 

probability that two handwriting samples originate from 

the same writer. FLASH ID®, a proprietary software used 

by the Federal Bureau of Investigation (FBI), extracts 

distinctive handwriting characteristics to compare 

questioned documents with known writing samples, 

demonstrating high performance in closed-set writer 

identification despite limited public information regarding 

its underlying algorithms. Handwriter, an open-source R 

package developed by the Center for Statistics and 

Applications in Forensic Evidence (CSAFE), converts 

handwriting into geometric glyphs, clusters them based on 

morphological similarity, and estimates authorship 

probabilities using glyph frequency distributions, thereby 

promoting transparency, reproducibility, and scientific 

validation. More recently, GraphoMatch has employed 

convolutional neural networks (CNNs) to automatically 

extract and compare handwriting features, reducing 
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examiner subjectivity while enhancing analytical 

consistency and repeatability. Collectively, these 

automated systems demonstrate the growing role of 

machine learning and computational methods in forensic 

handwriting examination, although challenges related to 

diverse handwriting styles, limited training datasets, and 

the interpretability of AI-based decisions continue to limit 

their universal application in forensic practice. [31–35] 

Accuracy and Reliability: CEDAR-FOX provides a 

quantitative measure of similarity using log-likelihood 

ratios, offering a statistical basis for comparison. FLASH 

ID® has demonstrated effectiveness in closed-set writer 

identification, though detailed performance metrics are 

proprietary. handwriter, being open-source, allows for 

independent validation and has shown comparable 

accuracy in studies. Grapho-Match, leveraging CNNs, 

offers high accuracy in feature extraction, though its 

performance is contingent on the quality and diversity of 

training data. [36]  

 

 
Figure 1. Accuracy Comparision of Techniques 

 

Efficiency: Automated systems like CEDAR-FOX and 

FLASH ID® streamline the analysis process, reducing the 

time required compared to manual examinations. 

Handwriter, with its open-source nature, can be integrated 

into various workflows, offering flexibility. Grapho-

Match's use of deep learning models enables rapid 

processing of handwriting samples, though it may require 

substantial computational resources for training. [37] 

 

Figure 2. Efficiency Coparision 

 

Limitations: CEDAR-FOX and FLASH ID® are 

proprietary, potentially limiting accessibility and 

transparency. Hand writer, while open-source, may require 

statistical expertise for effective use. Grapho-Match's 

performance is heavily dependent on the quality of training 

data, and it may face challenges with handwriting styles 

not represented in its training set. [38] 

 

 
Figure 3. Limitation Comparision 

 

 
Figure 4. Tranparancy Comparision  

 

Automated handwriting analysis systems have 

significantly advanced the field of forensic document 

examination, offering tools that enhance accuracy, 

efficiency, and objectivity. Each system presents unique 

strengths and limitations, and the choice of tool may 

depend on specific case requirements, available resources, 

and the need for transparency in the analysis process. 

Ongoing research and development continue to address 

existing challenges, aiming to further improve the 

reliability and applicability of these automated techniques 

in forensic science. [39] 

 

LIMITATIONS OF AUTOMATED HANDWRITING 

ANALYSIS 

 

Automated handwriting analysis, despite its growing 

application in forensic science, is fraught with significant 

limitations that hinder its universal acceptance and 

reliability in critical legal contexts. One of the most 

pressing challenges is the inability of automated systems to 

handle variations inherent in human handwriting. 

Handwriting is influenced by numerous factors such as 

mood, health, environmental conditions, and writing 

instruments [40] These variations often result in non-

standardized writing patterns that automated systems 

struggle to decode effectively. For instance, a person’s 

signature may appear vastly different under stress 
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compared to their usual circumstances, leading to 

inconsistent or erroneous results from automated tools. [41] 

Another critical limitation lies in the handling of degraded 

or low-quality samples, a common occurrence in forensic 

investigations. Handwriting samples on aged, smudged, or 

damaged documents pose a significant challenge to 

automated systems. Unlike human experts, who can infer 

missing or unclear patterns based on contextual 

understanding, machines rely heavily on high-quality input 

data. For example, forensic cases involving partial 

fingerprints on handwritten notes or documents subjected 

to environmental exposure often lead to incomplete feature 

extraction, reducing the reliability of automated analysis 
[42] Cursive and stylized handwriting presents another 

formidable obstacle. Automated handwriting analysis 

systems are often trained on datasets containing standard 

or simplistic writing styles. However, forensic cases 

frequently involve cursive, decorative, or highly 

personalized scripts that do not conform to standard 

formats. Such scripts often lead to misclassification or 

inaccuracies during character segmentation and pattern 

recognition phases, limiting the utility of these systems in 

real-world scenarios [43] Furthermore, the absence of 

universally accepted standardized datasets for training and 

validation exacerbates these challenges. Existing datasets 

are often region-specific and fail to account for global 

variations in handwriting styles influenced by cultural and 

linguistic diversity. This lack of diversity in training data 

compromises the generalizability of automated systems, 

reducing their applicability across different regions or 

populations. [44] Ethical and legal concerns also emerge as 

limitations. Automated systems lack transparency, making 

it difficult to understand or challenge their decision-

making processes in courtrooms. The black-box nature of 

many AI-driven models can raise questions about the 

validity and reliability of evidence presented, potentially 

undermining legal proceedings. Additionally, biases in 

algorithm training data may lead to errors that 

disproportionately affect certain demographics, raising 

ethical concerns. [45] 

 

FUTURE DIRECTIONS AND 

RECOMMENDATIONS 

 

The future of automated handwriting analysis in forensic 

science lies in integrating advanced technologies to address 

current limitations and enhance the reliability of results. A 

promising direction involves the development of hybrid 

models that combine manual expertise with automated 

systems. Such models can leverage the nuanced judgment 

of forensic experts while utilizing the computational power 

of AI, ensuring both accuracy and contextual 

understanding of handwriting variations. Advancements in 

machine learning, particularly deep learning, offer 

immense potential in refining feature extraction processes, 

enabling systems to analyze complex handwriting 

elements like pressure patterns, pen lifts, and curvature 

with higher precision. Another critical area for 

development is the creation of large, standardized datasets 

representative of diverse handwriting styles, cultural 

influences, and degradation scenarios. These datasets 

would improve training algorithms' robustness and allow 

for better handling of challenging cases, such as those 

involving obscured or distorted samples. Additionally, 

adaptive learning systems that evolve based on new input 

data can enhance system scalability and effectiveness. To 

ensure ethical and legal reliability, future systems must 

incorporate mechanisms for transparency and 

explainability, allowing forensic analysts to trace decisions 

made by AI models. Finally, interdisciplinary 

collaboration between forensic scientists, computer 

scientists, and legal professionals is essential to address 

operational gaps and create standardized guidelines, 

ensuring that automated handwriting analysis remains a 

trusted tool in forensic investigations. 

 

CONCLUSION  

 

The comparative analysis presented in this review 

underscores the evolution of handwriting analysis in 

forensic science, transitioning from traditional manual 

methods to advanced automated systems. Through a 

detailed examination of various automated techniques 

ranging from Optical Character Recognition (OCR) and 

machine learning algorithms to deep learning models like 

CNNs and RNNs, it is evident that these technologies have 

revolutionized the field by enhancing accuracy, efficiency, 

and scalability. The systems analysed, such as CEDAR-

FOX, FLASH ID®, Hand writer, and Grapho-Match, 

demonstrate diverse capabilities, with strengths in feature 

extraction, classification, and forgery detection. However, 

the analysis also revealed significant limitations inherent in 

these systems. Challenges include handling non-

standardized handwriting patterns, degraded or low-quality 

samples, and cursive or stylized scripts, which often exceed 

the capabilities of current automated tools. Furthermore, 

the lack of universally accepted standardized datasets and 

ethical concerns surrounding AI-driven models raise 

questions about reliability and applicability in forensic 

contexts. This study highlights the importance of 

integrating hybrid models that combine the nuanced 

judgment of human experts with the computational power 

of AI. Additionally, the development of diverse and 

comprehensive datasets, along with efforts to enhance the 

explainability of AI systems, is crucial. By addressing 

these gaps, forensic handwriting analysis can achieve 

greater reliability and acceptance in both investigative and 

legal settings. 
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