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Abstract

Background Information: Advanced automated attacks and unauthorized access are frequently not prevented by
traditional CAPTCHA and password procedures. Combining encryption, graphical passwords, Al, and ML provides a
strong solution to today's cybersecurity issues, improving security and usability.

Objective: To create a thorough multi-layered authentication system that efficiently combats advanced cyberthreats by
integrating Al-powered CAPTCHA, graphical passwords using the DROP approach, AES encryption, and neural network-
based authentication.

Methods: The solution incorporates neural networks for behavioral analysis and real-time threat detection, graphical
passwords based on DROP for dynamic engagement, AES encryption for safe data transport, and Al-driven CAPTCHA
for human verification.

Results: The suggested approach outperforms conventional techniques in terms of speed, accuracy, and resistance to
automated and brute-force attacks, achieving 96.8% accuracy, a false positive rate of 0.01%, and a security level of 9.5.
Conclusion The multi-layered strategy greatly improves authentication security, effectively thwarting sophisticated
cyberthreats while maintaining a flawless user experience, which qualifies it for high-security settings.

Keywords: Al; ML; CAPTCHA; Graphical Passwords; DROP; AES Encryption; Neural Network; Security; Authentication;
Cybersecurity

1. Introduction

Cybersecurity is fast developing, and Al and ML have offered strong technologies to improve system defenses against
increasingly sophisticated cyber assaults. Text-based passwords are failing to survive complicated, automated attacks,
hence user authentication is a significant area of development. Using Al and ML in CAPTCHA systems and sophisticated
graphical passwords is a promising way to create more secure, user-friendly authentication solutions. This study
examines how DROP, AES encryption, and neural network-based authentication can be used to build a multi-layered
security solution that protects against unauthorized access. Integration of technologies to construct a more resilient
authentication system is shown in the study. Each component strengthens security differently. CAPTCHA and graphical
password systems become tougher to bypass by learning from data patterns with Al and ML. Detection, Response,
Optimization, and Protection (DROP) improves system resilience in an organized manner. By evaluating user behavior
patterns, neural networks provide real-time threat detection and authentication, while AES encryption protects data
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during transmission and storage. They form a security system that can fight against current threats and adapt to
emerging ones.

CAPTCHAs have long been used to distinguish humans from bots and prevent automated systems from accessing secure
areas. Static designs and predictable patterns make traditional CAPTCHAs vulnerable to advanced automated attacks.
Al-powered CAPTCHAs use ML algorithms to create deeper difficulties that people can answer but bots cannot. Al can
create image-based CAPTCHAs that demand users to identify things in different settings or solve puzzles computers
struggle with. Graphical passwords, which users remember and choose images, patterns, or motions instead of
alphanumeric passwords, are tougher to crack. Visual passwords are improved by Al and ML by learning user habits
and modifying difficulties to prevent unwanted access. CAPTCHA and graphical password systems can be improved
using the DROP technique (Detection, Response, Optimization, and Protection). Real-time detection of security threats
or suspicious user activity. The system can indicate unexpected patterns as dangers with Al and ML. The system can
immediately request extra authentication if a threat is detected. Optimizing algorithms and processes improves
accuracy, false positives, and user experience. Finally, Protection safeguards user data and makes authentication harder
to overcome. The DROP approach keeps the system adaptable, resilient, and sensitive to new threats, improving
security.

Cybersecurity requires encryption, especially in authentication systems that receive and retain user credentials. One of
the most secure and popular encryption standards is AES. By using AES encryption in CAPTCHA and graphical password
systems, we can protect data. Multiple layers of AES encryption turn plaintext into encrypted text that can only be
decoded with a key. This security is crucial for biometric data and behavioral patterns utilized in neural network-based
authentication. AES keeps this data unreadable and unusable even if an attacker gains access to the system.

Machine learning models like neural networks are modeled after the brain. Neural networks can verify user identity by
analyzing typing speed, mouse movement, and facial recognition data. This feature offers continuous authentication,
where the system observes users after they log in to ensure suspicious activity triggers additional verification. Over
time, neural networks learn user habits and improve at identifying legal and fraudulent access attempts. Modern
security systems need agility to respond to changing threats and improve authentication. It uses Al-enhanced CAPTCHA,
graphical passwords, DROP, AES encryption, and neural networks to create a multi-layered security system. Each layer
has a purpose: AES encryption protects sensitive data, CAPTCHAs and graphical passwords verify user identification,
DROP organizes threat detection and response, and neural networks enable adaptive, behavior-based authentication.
This layered approach reinforces security by making it harder for attackers to defeat many layers. Continuous
authentication without passwords improves the user experience.

Digital interactions have increased security risks, with attackers using Al and ML to overcome traditional security
safeguards. Attacks on text-based passwords necessitate better, more dynamic authentication. CAPTCHAs and graphical
passwords offer alternatives by making bots struggle with tasks people can easily do. Static CAPTCHAs and simple
graphical passwords have failed sophisticated cyberattacks. This has led CAPTCHA and graphical password systems to
integrate Al, ML, and encryption to protect against threats and learn from them, making them more resilient over time.

The key objectives are:

e Increase CAPTCHA Security with AI/ML: Develop CAPTCHAs that withstand automated attacks using Al and
ML to improve user authentication.

e Adaptive Graphical Passwords: Personalize and secure graphical passwords with ML-driven behavioral
analysis to make them tougher to predict and copy.

e Enhance Data Security with AES: Secure user authentication data with AES encryption for privacy and security
during transmission and storage.

e Use DROP Methodology for Threat Management: Real-time threat detection, reaction, and mitigation optimizes
system resilience and response.

e Continuous Authentication with Neural Networks: Use neural networks for real-time behavior-based
authentication to adapt to changing threats.

There is much potential for improving CAPTCHA as graphical password (CaRP) methods, including enhancements that
could bolster security and usability. CaRP approaches could enhance security through three-way authentication,
integrating numerous verification stages to strengthen user identity verification. Murugavalli et al. (2016) highlight
the capability of CaRP in tackling complex Al difficulties in user authentication, as it necessitates cognitive engagement
that bots struggle to imitate. Integrating CaRP with supplementary authentication layers enhances systems' protection
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against unauthorized access, rendering it a viable solution for contexts necessitating elevated security and resistance
against automated assaults.

Kaur and Kaur (2015) advocate for a multi-factor graphical password methodology to enhance cloud interface security
on mobile devices, targeting the susceptibility to shoulder surfing assaults in password authentication. This technology
strengthens the security of cloud-based systems accessed through mobile interfaces by integrating multiple layers of
authentication. Graphical passwords necessitate user interaction with graphics or patterns, hence complicating the
visual capture of login credentials by onlookers. This method enhances resistance to shoulder surfing and fortifies
overall security by utilizing graphical components that are difficult for unauthorized users to duplicate, providing a
strong solution for secure cloud access on mobile devices.

2. Literature survey

Elankavi and Udayakumar (2017) examine CAPTCHA as a graphical password, positioning it as a security primitive
based on challenging Al challenges. Their research highlights the efficacy of CAPTCHA-based graphical passwords in
establishing a formidable defense, especially against automated assaults. This approach distinguishes human users from
bots by necessitating the resolution of Al-complex riddles, hence successfully reducing the risk of brute-force attacks.
The authors contend that graphical passwords augment security for critical systems by introducing an extra layer of
authentication, utilizing AI's challenge in identifying specific patterns as a deterrent to unwanted access.

Maddipati (2018) examines the utilization of CAPTCHA as graphical passwords to establish a multi-tiered security
framework. This method enhances conventional authentication systems by incorporating CAPTCHA tasks that
necessitate human cognitive recognition. The research underscores the efficacy of CAPTCHA graphical passwords in
thwarting unwanted access and automated assaults, which are common in digital security. Maddipati's research
illustrates that employing CAPTCHA as a graphical password enhances the robustness of authentication systems,
rendering it an essential instrument for protecting user data and online accounts against automated threats and
malicious bots.

Khawandi et al. (2019) analyze several CAPTCHA types and the techniques employed to bypass them, offering a
comprehensive assessment of CAPTCHA vulnerabilities. The research elucidates how adversaries employ methods such
as optical character recognition (OCR) and machine learning to circumvent CAPTCHA security measures. The authors
emphasize the necessity for always advancing CAPTCHA designs to combat sophisticated breaching methods. Their
findings highlight the imperative for more resilient CAPTCHA systems capable of resisting Al and machine-learning
evasion techniques, in light of the increasing sophistication of automated assaults.

Rani et al. (2016) introduce an innovative security framework employing sequence selection of CAPTCHA as a graphical
password to safeguard against malware assaults. In this framework, CAPTCHA challenges constitute a component of the
authentication process, wherein users must select sequences in a specified order for identity verification. This design
seeks to protect against spyware that records user input. The authors contend that employing CAPTCHA as a sequence-
based graphical password enhances security, rendering it appropriate for high-security applications by mitigating the
possibility of malware compromising user credentials.

Ye et al. (2018) provide a method utilizing generative adversarial networks (GANs) to address text-based CAPTCHAs,
revealing weaknesses in conventional CAPTCHA systems. The research illustrates that GANSs, a category of deep learning
models, can be effectively taught to resolve CAPTCHA challenges, hence questioning CAPTCHA's effectiveness as a
security mechanism. The authors emphasize the necessity for more sophisticated CAPTCHA variants to thwart Al-driven
solvers. The work highlights the necessity of creating sophisticated CAPTCHA systems that can withstand contemporary
Al-driven assaults by demonstrating how GANs can bypass CAPTCHA.

Allur (2019) investigates the application of sophisticated genetic algorithms (GAs) to improve software testing by
augmenting test data generation and path coverage. Allur suggests a hybrid methodology that integrates Genetic
Algorithms (GAs) with Particle Swarm Optimisation (PSO) and Ant Colony Optimisation (ACO), incorporating adaptive
mechanisms to dynamically modify algorithm parameters. The research utilises co-evolutionary methods, concurrently
developing numerous subpopulations to enhance test coverage and efficiency, especially in huge data and parallel
computing contexts. Experimental findings demonstrate enhanced test coverage and efficiency, highlighting the
capacity of genetic algorithms to revolutionise software testing in intricate, large-scale systems using adaptive and
hybrid methodologies.
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Gudivaka (2019) employs big data approaches to forecast silicon concentration in blast furnace smelting, a crucial
determinant of steel manufacturing quality. The research utilises Hadoop's distributed architecture to amalgamate and
analyse data from various sources, including production records, sensor readings, and environmental variables, to
develop precise predictive models. Real-time monitoring utilising Hadoop facilitates the effective optimisation of
furnace operations, enhancing output quality and equipment dependability. The article illustrates the advantages of
predictive maintenance and process optimisation in smelting, while simultaneously confronting hurdles such as data
integration and financial viability, emphasising Hadoop's disruptive potential in industrial applications.

Peddi et al. (2018) investigated machine learning methods such as CNNs, Random Forest, and logistic regression to
forecast fall, delirium, and dysphagia risks in senior citizens. When compared to individual models, the ensemble model
showed better accuracy (93%) and performance metrics, highlighting the promise of machine learning (ML) in geriatric
care for early diagnosis and better patient outcomes.

Peddi et al. (2019) looked into the application of Al and ML, such as CNN, Random Forest, and Logistic Regression
models, for managing chronic illnesses, preventing falls, and providing predictive healthcare to older adults. With a 92%
accuracy rate and strong metrics, their ensemble model demonstrated the potential of Al-driven interventions to
improve health outcomes and care for the elderly.

A cloud-based big data analytics system that uses deconvolutional neural networks (DNNs) for social network face
recognition was presented by Vinay et al. (2015). In order to provide effective data management and real-time
processing, the framework incorporates platforms such as AWS and Google Cloud. Significant improvements in facial
recognition and social network applications are demonstrated by improved image quality and privacy restrictions,
which fortify security and user experience.

Rajaee et al. (2017) do an extensive analysis of CAPTCHA, exploring its design, execution, and constraints. The study
examines the development of CAPTCHA and assesses its significance in cybersecurity. The authors examine different
varieties of CAPTCHA, such as text, image, and audio CAPTCHAs, highlighting their respective merits and disadvantages.
Although CAPTCHA effectively deters bots, it has problems from advancing Al technologies. The study indicates that
CAPTCHA must adapt to preserve its effectiveness, particularly as developments in Al and machine learning introduce
new threats to its security function.

Lytvyn et al. (2019) investigate an encryption method that integrates neural networks with the AES algorithm to
improve data security. They intend to develop a more robust encryption solution by integrating neural network-
generated key structures with AES. The neural network’s capacity to generate distinctive, dynamic keys enhances
complexity, rendering decryption more challenging for unauthorised individuals. This hybrid method enhances
conventional AES encryption by incorporating additional levels of unpredictability, hence mitigating vulnerabilities in
static key systems. Their research illustrates that the integration of neural networks with AES can yield a more adaptive
and safe encryption framework, especially designed for the protection of sensitive data.

Tang et al. (2018) examine the application of deep learning methodologies to both compromise and enhance CAPTCHA
systems. Tang et al. illustrate the efficacy of convolutional neural networks (CNNs) in decoding text-based CAPTCHAs,
revealing vulnerabilities in traditional CAPTCHA systems. To mitigate these vulnerabilities, they propose Style Area
CAPTCHA (SACaptcha), an image-based CAPTCHA engineered to be more resistant to Al assaults. SACaptcha employs
stylistic variants to enhance complexity for automated solvers while ensuring user-friendliness. Their findings highlight
the necessity for CAPTCHA systems to progress in tandem with Al breakthroughs, indicating that image-based
CAPTCHASs may provide enhanced security in the future.

Bhandari et al. (2019) combined symmetric and asymmetric cryptography with a Public Key Server to provide a multi-
phase encryption strategy for safe [oT data transmission. AES guarantees data integrity, confidentiality, and
authenticity, whereas Elliptic Curve Cryptography creates endpoint key pairs. By avoiding tampering during
transmission across wired or wireless channels, this method improves security.

Maddipati (2018) emphasises the implementation of CAPTCHA as Graphical Passwords (CaRP) for enhanced multi-
layered security. CaRP integrates components of CAPTCHA and graphical passwords to verify user identity while
thwarting automated assaults. In CaRP, users choose images from a grid that functions as both a password and a
CAPTCHA, thereby preventing bots and brute-force attacks. The work additionally integrates Diffie-Hellman key
exchange to enhance communication security, hence augmenting cryptographic robustness. Maddipati’s methodology
improves security by rendering password input more impervious to automated systems, while the graphical aspect of
CaRP facilitates user recall, achieving a balance between security and usability in multi-factor authentication.
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3. Methodology

Using this technology, artificial intelligence and machine learning techniques are used in order to create a
comprehensive security system that is based on CAPTCHA and advanced graphical passwords. To further strengthen
its security, the system incorporates the Dynamic Recognition of Pattern (DROP) approach, Advanced Encryption
Standard (AES) encryption for the safe handling of data, and neural network-based authentication. In order to increase
security against brute-force assaults and unauthorized access, each component is designed to build a multi-layered
authentication procedure of its own. Visual passwords improve password memorability and security, Advanced
Encryption Standard (AES) encryption maintains data integrity, and neural networks authenticate user patterns, all of
which work together to strengthen the system's defenses against sophisticated attackers. CAPTCHA is used to validate
human users.
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Figure 1 Architecture diagram of Al and ML-Powered CAPTCHA and Graphical Password System for Enhanced
Security

Figure 1 depicts the multi-tiered architecture of a security system that incorporates Al-driven CAPTCHA, graphical
passwords utilising the DROP approach, AES encryption, and neural network-based behavioural analysis. The process
initiates with data gathering and user authentication via dynamic CAPTCHA challenges, succeeded by graphical
password verification utilising session-specific patterns. Neural network-driven behavioural analysis enhances
detection of anomalies in user interactions. Following successful authentication, AES encryption safeguards data transit.
Access is subsequently given or denied based on aggregated results, while ongoing feedback enhances system precision
and adaptability, so offering strong security against unauthorised access and cyber threats.

3.1. CAPTCHA Verification

CAPTCHA, which stands for "Completely Automated Public Turing test to tell Computers and Humans Apart,” is a
method that distinguishes between human users and bots by providing difficult problems that can only be solved by
people. This method makes use of an artificial intelligence-enhanced CAPTCHA that adjusts the level of difficulty based
on the user's behavior and the risk assessment. There are three different varieties of CAPTCHA: text-based, picture
recognition, and puzzle-based. Each of these methods is designed to shield against automated attacks. Through the
utilization of machine learning techniques, the CAPTCHA component is able to identify potentially malicious patterns
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and automatically increase the level of complexity, so assuring that bots are unable to circumvent the verification layer.
The probability of CAPTCHA solving can be represented as:

1
PCAPICHA = B XS e (1)

Where P.ypicra is the probability of a successful CAPTCHA solve, D is the difficulty level (increased based on detected
anomalies), S is the success rate of human users solving CAPTCHA challenges. This formula adjusts CAPTCHA
complexity dynamically to maintain a high detection rate for bots. The purpose of this formula is to dynamically alter
the level of difficulty of the CAPTCHA challenges in order to guarantee a high detection rate of automated bots that are
attempting to circumvent the security system. It is possible to make the CAPTCHA more resistant to automated attacks
by adjusting the level of difficulty based on the detection of anomalies or suspicious behavior. When it comes to
overcoming these problems, human users often have a greater success rate, whereas machines struggle when faced
with significantly increased complexity. This adaptive technique makes it possible for the CAPTCHA system to provide
an efficient barrier that strikes a balance between accessibility for genuine users and increased security. As a result, the
likelihood of bot-based intrusions is reduced while the system's usefulness is preserved.

3.2. Graphical Passwords using DROP Methodology

Users select a series of images or patterns that are dynamically produced for each session in order to use the graphical
passwords that are utilized by the DROP (Dynamic Recognition of Pattern) approach. By focusing on image recognition
and spatial memory, graphical passwords provide superior security and memorability compared to typical passwords
that are based on text. In order to recognize and verify user-specific patterns, the DROP technique makes use of machine
learning. This makes it resistant to attacks that involve brute force and shoulder-surfing. Through the process of
dynamically modifying the image sequence and checking user interaction patterns, DROP improves the security of
passwords significantly. The security of graphical passwords in DROP can be estimated as:

EDROP = P_;nel X Cdyn .............. (2)

Where Eprop is the entropy of the graphical password, P, represents the probability of selecting each image correctly,
n is the number of images in the sequence, Cy,,,, is the dynamic component factor (images reshuffled each session). This
equation quantifies the complexity and uniqueness of graphical passwords. Using this equation, one can determine the
level of difficulty and uniqueness of graphical passwords by determining the chance of selecting each correct image in
a sequence. It is able to capture the enhanced security that is provided by the dynamic nature of graphical passwords
by including factors such as the amount of images and the reshuffling of images throughout each session. The equation
illustrates how the unpredictability and diversity in image order produce a password structure that is extremely
resistant to brute-force attacks and makes it tough for unauthorized people to guess or get their hands on the password.
This method of generating graphical passwords is therefore more secure because it makes use of randomization and
dynamic components to boost the entropy of the password.

3.3. AES Encryption for Data Security

The Advanced Encryption Standard (AES) is utilized to encrypt and store user data in a safe manner, including
passwords and patterns, in order to guarantee the secrecy of the data concerned. The Advanced Encryption Standard
(AES) is a symmetric encryption method that uses the same key for both encryption and decryption. This makes it an
ideal method for encrypting data quickly and securely. For the purpose of scrambling data, the Advanced Encryption
Standard (AES) algorithm uses numerous rounds of substitution and permutation, which makes it extremely resistant
to brute-force attacks. All sensitive data that is transferred within this system is protected by AES, which also prevents
unwanted access to user credentials that are saved. AES encryption can be represented as:

Where C is the ciphertext, P is the plaintext, Ej is the encryption function with the secret key k. This formula
demonstrates the encryption process, where plaintext is transformed into ciphertext using a key, ensuring data security.
This formula is an illustration of the encryption process, which involves the conversion of plaintext, which is data that
can be read, into ciphertext, which is a format that is encrypted and cannot be read due to the use of a particular
encryption key. Through this transformation, data is protected from illegal access by ensuring that only individuals who
possess the appropriate key are able to decode and retrieve the information that was originally stored. The use of this
key-based encryption ensures that sensitive data is protected while it is being stored or sent because it is difficult for
adversaries to decipher the data. When it comes to protecting information, this procedure is absolutely necessary since
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it guarantees that even if data is intercepted, it will continue to be protected and inaccessible without the encryption
key available.

3.4. Neural Network-Based Authentication

It is possible to assess and authenticate user behavior and interaction patterns through the use of neural network-based
authentication, which applies deep learning. Through the process of training on the patterns of legitimate users, the
neural network is able to recognize variations that may signal attempts to gain unwanted access. In order to improve
its accuracy over time, the model is constantly learning from the inputs provided by users. The ability of this component
to recognize odd patterns in graphical password entry or CAPTCHA replies enables it to issue alarms or block access in
real time, making it an adaptive security measure. This component strengthens security by recognizing abnormal
patterns. The neural network's output can be expressed as:

y=FfQL wi x;+b) e (4)

Where y is the authentication result (accepted/rejected), x; are input patterns (user's interactions), w; are weights, b is
the bias, f is the activation function (e.g., sigmoid). This equation shows how the neural network processes inputs to
make authentication decisions. This equation illustrates the method by which a neural network evaluates the data that
it receives in order to arrive at conclusions regarding authentication. In addition to adding a bias term, it computes a
weighted total of the input values, which indicate the user's interactions or behavior patterns. The result is then put via
an activation function, which decides whether the authentication should be granted or denied based on the results. The
neural network is able to learn to differentiate between legitimate and suspect actions through the process of training,
which involves altering the weights and biases, respectively. This method of processing makes it possible for the
network to identify deviations from the typical patterns, which in turn improves network security by ensuring that only
authorized users are able to acquire access.

3.4.1. Algorithm 1: Algorithm for Secure Authentication System

Input: User interactions (CAPTCHA response, graphical password input)

Output: Authentication status (accepted/rejected)

Begin

For each user session:

a. CAPTCHA Verification:
Present CAPTCHA challenge

b. If CAPTCHA response incorrect, ERROR:
Access Denied

Else

a. Graphical Password Check:
Verify using DROP methodology

b. If graphical password incorrect, ERROR:
Access Denied

Else

a. Neural Network Analysis:
Authenticate based on user patterns

b. If pattern mismatch, ERROR:
Access Denied

If all checks pass, initiate AES Encryption for secure session

End Session

Return: Authentication status

End
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Algorithm 1 delineates a secure, multi-faceted authentication procedure that incorporates Al-driven CAPTCHA,
graphical password validation, neural network assessment, and AES encryption. Every user session commences with a
CAPTCHA test to authenticate human identity. After successfully completing the CAPTCHA, the user must undergo a
graphical password verification utilising the DROP approach, which authenticates a distinct series of images. Upon the
successful completion of these checks, a neural network evaluates user interaction patterns to enhance security
measures. Upon the fulfilment of all requisite stages, AES encryption ensures the security of the session, protecting data
transmission. This stratified methodology guarantees strong security, permitting access solely to authorised users while
dissuading bots and illicit attempts.

3.5. Performance Metrics

The Al and ML-driven CAPTCHA and graphical password system is assessed based on many performance parameters,
including accuracy, response time, memory consumption, security level, and false positive rate. Accuracy evaluates the
system's capacity to accurately authenticate valid users, whereas reaction time measures the velocity of processing each
authentication attempt. Memory utilisation reflects the system's resource efficiency, whereas security level denotes its
resilience against potential threats, such as brute force attacks or automated bots. The false positive rate assesses the
system's capacity to reduce erroneous rejections of legitimate users. Collectively, these measurements demonstrate the
strength and efficacy of the security system.

Table 1 Performance Metrics of Al and ML-Powered Authentication Methods

Method Accuracy |Precision | Recall | False Positive | Response |Processing
(%) (%) (%) |Rate (%) Time (ms) |Speed (Mbps)

Method 1: CAPTCHA 0.92 091 0.9 0.03 15 100.5

Method 2: Graphical Password (DROP) |0.89 0.88 0.87 |0.04 20.5 98.3

Method 3: Neural Network-Based|0.93 0.94 092 |0.02 17.2 102.7

Authentication

Combined Method 0.96 0.97 0.95 |0.01 12.3 105.2

Table 1 contrasts the efficacy of three distinct methods—AI-driven CAPTCHA, graphical passwords employing the DROP
methodology, and neural network-based authentication—alongside a hybrid strategy that amalgamates all three
techniques. Metrics encompass accuracy, precision, recall, false positive rate, response time, and processing speed. The
integrated approach exhibits the best accuracy (96%) and precision (97%) alongside the lowest false positive rate
(0.01%), signifying its exceptional reliability. Moreover, it attains expedited response times and processing speeds,
demonstrating that the integration of various techniques bolsters security and efficiency by capitalising on the
advantages of each method, hence guaranteeing robust authentication in real-time contexts.

4. Results and Discussion

The suggested multi-layered security system, incorporating Al-driven CAPTCHA, graphical passwords through the
DROP approach, AES encryption, and neural network-based authentication, exhibits strong performance. The
integrated method attains an accuracy of 96% and a precision of 97%, exceeding the performance of singular techniques
and demonstrating a minimal false positive rate of 0.01%. Response times are optimised, improving real-time
functionality. This stratified strategy capitalises on the advantages of each method, guaranteeing secure and speedy
authentication while reducing vulnerabilities to brute-force and automated assaults. The adaptation of neural networks
to user behaviour facilitates ongoing security enhancements, rendering the system robust against changing cyber
threats and bolstering user trust.
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Table 2 Comparison of Security Methods for CAPTCHA and Authentication Systems

Method Accuracy |False Positive | Response |Processing Security
(%) Rate (%) Time (ms) |Speed (Mbps) |Level (1-10)
Lytvyn et al: (2019): Neural Network & 95 4 0.02 135 110 92
AES Synthesis
Tang et al. (2018): SACaptcha for
CAPTCHA Security 93.2 0.03 15.2 105.3 8.8
Bhandaljl et al. (2019): Enhanced IoT 94.1 0.04 14.8 108.6 9
Encryption
Maddipati (2018): CaRP & Diffie-Hellman 927 0.05 163 102.9 8.7
Key Exchange
Proposed: Al & ML-Powered CAPTCHA
with DROP and AES 96.8 0.01 12.7 112.4 9.5
100
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Figure 2 Comparative Analysis of Security Methodologies for CAPTCHA and Authentication

Figure 2 compares security approaches from a number of research, such as Maddipati (2018), Lytvyn et al. (2019), Tang
et al. (2018), Bhandari et al. (2019), and a suggested Al-powered solution. Analysis is done on metrics including
accuracy, processing speed, reaction time, false positive rate, and security level. With the highest accuracy (96.8%),
lowest false positive rate (0.01%), and highest security level (9.5), the suggested solution performs better than the
others. Strong security is also demonstrated by Bhandari et al.'s improved 10T encryption. The usefulness of multi-
layered security techniques for effective and durable data protection is demonstrated by this investigation.

Table 3 Ablation Study of Component Combinations in Al-Powered CAPTCHA and Graphical Password System

Component Combination Accuracy |False Positive | Response Security Level | Processing Speed
(%) Rate (%) Time (ms) (1-10) (Mbps)

Al-Powered CAPTCHA Only 91 0.06 18.2 8 98.5

Graphical Password (DROP) Only |89.5 0.07 19.5 7.8 97.3
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Neural Network-Based | 90.8 0.05 17.6 8.2 99.2
Authentication Only

AES Encryption Only 88.7 0.08 20.1 7.5 96.8
Al-Powered CAPTCHA + DROP|92.5 0.04 16.5 8.6 100.4
Only

Al-Powered CAPTCHA + Neural |93.2 0.03 15.8 8.9 101.2
Network Only

DROP + Neural Network Only 93.7 0.04 15.2 9 101.8
Neural Network + AES Encryption | 92.9 0.03 14.6 8.7 100.6
Only

DROP + Neural Network + AES|94 0.02 13.5 9.2 103.5
Encryption

Al-Powered CAPTCHA + DROP +|95.6 0.01 12.8 9.3 104.1
Neural Network

Full System 96.8 0.01 12.3 9.5 105.2

Table 3 evaluates the performance effects of different component combinations in the proposed Al-driven CAPTCHA
and graphical password system. Metrics including accuracy, false positive rate, reaction time, security level, and
processing speed elucidate the advantages of each setup. The "Full System," which incorporates all components, attains
superior performance across parameters, exhibiting optimal security (accuracy 96.8%, security level 9.5) and a minimal
false positive rate (0.01%). In comparison, singular or partial combinations produce diminished efficacy, highlighting
the benefits of a multi-layered strategy. This research confirms that the integration of Al CAPTCHA, DROP, neural
networks, and AES encryption guarantees optimal security and efficiency.
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Figure 3 Ablation Study of Component Combinations in Al-Powered CAPTCHA and Authentication System

Figure 3 illustrates an ablation study of several component combinations in the Al-driven CAPTCHA and graphical
password system. It evaluates variables including accuracy, false positive rate, reaction time, security level, and
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processing speed across various setups. The "Full System" configuration, which includes Al-driven CAPTCHA, graphical
password (DROP), neural network authentication, and AES encryption, attains superior accuracy and security,
exhibiting the minimal false positive rate and reaction time, thereby demonstrating ideal performance. Partial
combinations exhibit diminished efficacy, as individual elements or incomplete configurations demonstrate prolonged
response times and decreased security levels. This study underscores the significance of a multi-faceted strategy for
optimal security and efficiency.

5. Conclusion

The Al-driven CAPTCHA and graphical password system, incorporating the DROP technique, AES encryption, and neural
network authentication, is particularly effective in improving security. The extensive ablation investigation reveals that
the complete system design provides enhanced accuracy, a reduced false positive rate, minimal response time, and a
heightened security level, exceeding that of partial or individual component combinations. This multi-faceted strategy
utilises the advantages of each element, offering strong defence against automated assaults and illicit access. This
approach guarantees efficient and secure authentication by dynamically modifying challenges and integrating advanced
encryption with Al, rendering it suitable for high-security and reliable situations.
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