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Abstract:

Non-consensual image sharing (NCII), often referred to as image-based abuse or “revenge
pornography,” has emerged as a serious digital crime that threatens individual privacy, psychological well-
being, and social dignity. With the rapid expansion of social media platforms and instant messaging
services, the scale and speed of harmful image dissemination have increased dramatically. Traditional
manual moderation methods are insufficient to address this growing challenge. Artificial Intelligence (Al)
has become a powerful tool for automatically detecting, blocking, and preventing the spread of non-
consensual content. This paper explores the role of Al in combating NCII by examining detection
techniques such as computer vision, deep learning, perceptual hashing, and multimodal content analysis. It
also discusses system architectures, performance evaluation metrics, ethical concerns, and legal
implications. Finally, the paper highlights current challenges and future research directions, emphasizing the
need for responsible, privacy-preserving, and transparent Al systems to protect victims while maintaining
digital rights.
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Introduction

The digital revolution has transformed the way people communicate, share information, and interact
socially. While these technological advancements offer significant benefits, they also create opportunities
for misuse. One of the most harmful consequences of online misuse is non-consensual image sharing
(NCII), which involves the distribution of private or intimate images without the consent of the individual
depicted.

NCII affects millions of people globally and disproportionately impacts women and marginalized
communities. Victims often experience psychological trauma, reputational damage, social stigma, and
professional setbacks. Conventional approaches to moderating harmful content rely heavily on human
reviewers and user reporting mechanisms. These methods are slow, emotionally demanding for moderators,
and unable to scale to the massive volume of online content.
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Acrtificial Intelligence (Al) provides an automated and scalable solution to detect and prevent NCII.
By analyzing visual, textual, and contextual information, Al systems can identify harmful content in real
time and assist platforms in enforcing safety policies. This paper examines how Al contributes to NCII
prevention and discusses its technical, ethical, and social implications.

Understanding Non-Consensual Image Sharing (NCII)

1. Definition and Scope: Non-consensual image sharing refers to the distribution of private images
without the subject’s permission. This includes intimate photographs, manipulated images (deepfakes),
hidden camera recordings, and screenshots of private conversations containing sensitive visual content.

2. Impact on Victims: Victims of NCII frequently report emotional distress, anxiety, depression, and loss
of trust in digital platforms. In extreme cases, victims may withdraw from social life or experience long-
term psychological harm. The persistent nature of online content further aggravates the problem, as
images can be copied and redistributed repeatedly.

3. Limitations of Traditional Moderation: Manual moderation systems face several challenges such as
a) large volume of daily uploads, b) delayed response times, ¢) high operational costs, d) psychological
burden on content reviewers, and e) inconsistent decision-making. These limitations necessitate
automated solutions capable of operating at scale.

Al Technologies for NCII Detection
Al-based detection systems integrate multiple techniques to identify and block non-consensual images.

1. Computer Vision Techniques: Computer vision enables machines to interpret visual content.
Convolutional Neural Networks (CNNSs) are widely used to analyze pixel patterns and identify sensitive
content. These models can distinguish between normal images and potentially harmful ones by learning
complex visual features.

2. Deep Learning Models: Deep learning architectures such as ResNet, EfficientNet, and Vision
Transformers have demonstrated high accuracy in image classification tasks. When trained on labeled
datasets of sensitive and non-sensitive images, these models can automatically detect inappropriate or
private content.

3. Perceptual Hashing: Perceptual hashing generates a unique digital fingerprint for an image based on
its visual characteristics. Unlike cryptographic hashes, perceptual hashes remain similar even if an
image is resized or slightly modified. This technique helps platforms identify and block previously
reported harmful images.

4. Multimodal Analysis: NCII detection is improved by combining multiple data sources like image
content, associated captions and comments, user metadata, and posting behavior patterns. Natural
Language Processing (NLP) models analyze textual descriptions, while vision models analyze images,
enabling more accurate decisions.

System Architecture for Al-Based NCII Prevention

A typical Al-driven NCII prevention system consists of the following components:

1. Data Ingestion Layer: Receives uploaded images and associated metadata in real time.
Preprocessing Module: Normalizes images, removes noise, and prepares data for analysis.
Detection Engine: Applies deep learning and hashing techniques to classify content.

2

3

4. Decision Layer: Determines whether to block, flag, or allow content.

5. Human Review Interface: Allows moderators to verify borderline cases.
6

Feedback Loop: Uses moderator decisions to retrain and improve models.
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This hybrid approach combines automation with human oversight to improve reliability.
Performance Evaluation Metrics

To assess the effectiveness of Al-based NCII detection systems, several metrics are used:
Accuracy: Overall correctness of predictions

Precision: Proportion of correctly identified harmful images

Recall: Ability to detect all harmful images

F1-Score: Balance between precision and recall

o M W e

False Positive Rate: Incorrectly flagged safe images

High recall is critical to ensure victim protection, while precision is essential to prevent unjust content
removal.

Ethical and Privacy Considerations

1. Data Privacy: Training Al models requires large datasets, often containing sensitive images. Strict data
governance policies must ensure anonymization, encryption, and restricted access to prevent misuse.

2. Bias and Fairness: Al systems may inherit biases from training data, leading to unequal detection
performance across demographic groups. Regular auditing and diverse datasets are necessary to reduce
algorithmic bias.

3. Transparency and Accountability: Users should be informed when content is removed by automated
systems. Transparent moderation policies and appeal mechanisms improve trust and fairness.

Legal and Regulatory Framework

Many countries have introduced laws criminalizing NCII and requiring platforms to take proactive
measures. Al tools help organizations comply with regulations by enabling rapid content removal and
evidence preservation. However, legal frameworks must balance content moderation with freedom of
expression and data protection rights. Challenges and Limitations

Despite its advantages, Al-based NCII detection faces several challenges such as difficulty in detecting
context-specific content, rapid evolution of deepfake technology, limited availability of labeled training
data, risk of over-blocking legitimate content, high computational costs, and continuous research and system
updates are required to overcome these obstacles.

Statistical Evidence:

Online Harassment & Cyber Abuse (Broader Indian Context): Some reports show the wider trend of
online misconduct against women in India:

e A 2020 survey suggested 67% of women reported experiencing online harassment, with many cases
linked to sharing explicit images without consent or other sexual abuse (including NClI-related
behaviors).
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Table 1: NCI1 Awareness and Attitude Indicators in India (Survey-Based Data)

Indicator Percentage / Count
Never heard of “revenge porn” >50%
Self-reported victimization 5%
Believe victim at fault 40%
Might upload explicit content 11%
Cultural stigma victim-blaming 8.50%
Registered obscene/explicit act cases (2022) 6,896
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Indicators

The findings indicate significant gaps in awareness and social

perception regarding non-consensual image

sharing in India. Approximately 50% of respondents had never heard of the term “revenge porn,” while only
5% self-reported victimization, suggesting possible under-reporting. Notably, 18.3% of women were
unaware that they had experienced NCII, indicating a lack of digital rights awareness. Furthermore, 40% of
respondents exhibited victim-blaming attitudes, and 11% expressed willingness to engage in retaliatory
content sharing. These trends emphasize the importance of Al-driven automated detection and preventive
mechanisms to reduce reliance on manual reporting and address social stigma.

Table 2: Gender Distribution and Under-Reporting in NCI1 Victimization

Category Percentage (%0)
Women Victims 90
Men Victims 10
Under-Reporting (No Disclosure) 31
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100 Gender Distribution and Under-Reporting in NCII Victimization

Percentage (%)

Women Victims Men Victims Under-Reporting (No Disclosure)
Category

The data reveal a strong gender imbalance in non-consensual image sharing (NCII) victimization, with
women accounting for 90% of reported victims, while men represent only 10%. This substantial
disparity indicates that NCII disproportionately targets women, reflecting broader patterns of gender-based
digital abuse and online harassment. The findings suggest that female users face a significantly higher risk
of privacy violations and reputational harm in online environments.

In addition, the table shows that 31% of victim-survivors did not disclose their experiences to
anyone, highlighting a major under-reporting issue. This level of non-disclosure may be attributed to fear
of social stigma, victim-blaming, emotional distress, and lack of trust in reporting mechanisms. As a result,
official statistics likely underestimate the true prevalence of NCII.

From a technological perspective, these results emphasize the importance of automated Al-based
detection and prevention systems. Since a large proportion of victims do not formally report incidents,
reliance on complaint-based moderation alone is insufficient. Al tools that proactively identify and block
harmful content can help bridge this reporting gap and provide faster protection to vulnerable users.

Overall, the data underline the need for gender-sensitive policy frameworks, awareness
programs, and Al-driven safety mechanisms to effectively combat NCII and protect digital privacy.

Statistical Table 3 (Adolescent Prevalence by Gender)

Measure Overall % Girls % Boys %

Non-consensual sharing of sexual

' 5% 7.4% 4.8%
images before age 18 6.5% 0 8%

Lifetime Prevalence of Non-Consensual Image Sharing (Adolescents)

Lifetime Prevalence (%)

Overall Girls Boys

Group
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The table indicates that 6.5% of adolescents experienced non-consensual sharing of sexual images at
least once before the age of 18, demonstrating that image-based abuse is a significant problem even among
younger populations. This prevalence suggests that nearly one in every fifteen adolescents has been affected
by NCII, highlighting the early onset of digital privacy risks.

A notable gender difference is observed in the data. Girls report a higher victimization rate (7.4%)
compared to boys (4.8%), indicating that female adolescents are more vulnerable to non-consensual image
sharing. This disparity reflects broader gender-based patterns of online harassment and exploitation, where
girls are more frequently targeted for intimate image abuse.

The difference between overall prevalence and gender-specific rates also implies that gender plays
an important role in risk exposure and victimization experiences. These findings emphasize the need for
targeted prevention strategies, including digital literacy programs for adolescents and Al-based monitoring
systems that can proactively detect and block harmful content before widespread dissemination occurs.

Overall, the results highlight that NCI1 is not limited to adults but affects adolescents at a substantial
level, reinforcing the importance of early intervention, policy enforcement, and technological safeguards to
protect young users in digital environments.

Future Research Directions

Future developments in Al-based NCII prevention may include:

e Privacy-preserving machine learning techniques

o Federated learning for decentralized training

o Improved deepfake detection models

o Real-time content moderation systems

o Cross-platform collaboration frameworks

These advancements will strengthen digital safety ecosystems and enhance victim protection.

Conclusion

Artificial Intelligence has become a vital tool in detecting and preventing non-consensual image
sharing. By combining computer vision, deep learning, and multimodal analysis, Al systems provide
scalable and efficient content moderation solutions. However, technological progress must be accompanied
by ethical safeguards, transparent policies, and legal support frameworks. A collaborative effort among
researchers, policymakers, technology companies, and civil society is essential to build a safer digital
environment where individual privacy and dignity are protected.
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