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Abstract

The detection of sensitive content in online videos is a key challenge for ensuring digital
safety and effective content moderation. This work proposes the Multimodal Audiovisual
Attention (MAV-Att), a multimodal deep learning framework that jointly exploits audio
and visual cues to improve detection accuracy. The model was evaluated on the LSPD
dataset, comprising 52,427 video segments of 20 s each, with optimized keyframe extraction.
MAV-Att consists of dual audio and image branches enhanced by attention mechanisms to
capture both temporal and cross-modal dependencies. Trained using a joint optimisation
loss, the system achieved F1-scores of 94.9% on segments and 94.5% on entire videos,
surpassing previous state-of-the-art models by 6.75%.

Keywords: deep learning; audio-visual analysis; Mel spectrograms; video classification;
attention mechanisms

1. Introduction
In recent years, the widespread use of multimedia devices and the rapid online

dissemination of content has increased the presence of illegal and sensitive material, partic-
ularly affecting children and adolescents [1].

Artificial intelligence (AI) has shown potential in supporting crime prevention and
child protection [2]. Automated tools help detect explicit content, restrict access in sensitive
environments, and assist forensic investigations [3]. However, strict legal constraints limit
access to original material, requiring systems capable of operating without direct exposure.

Multimodal approaches combining visual and auditory cues are essential, as up to
35% of CSA samples lack visible nudity [4]. Integrating audio features via techniques like
Mel spectrograms or speech-to-text (e.g., Whisper) can reveal abuse indicators invisible to
visual models. Prior studies demonstrate the effectiveness of audiovisual fusion using
attention mechanisms or stacking, achieving accuracies above 92% [5].

This work introduces MAV-Att (Multimodal Audiovisual Attention), a lightweight
deep learning architecture designed to improve sensitive content detection through hierar-
chical fusion and attention mechanisms. The proposed framework advances the develop-
ment of effective multimodal detection systems that reduce false negatives and improve
overall accuracy in detecting CSA and related material.
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2. Related Work
Recent advances in deep learning (DL) have significantly improved the detection

of sensitive and sexual content, achieving unprecedented accuracy and efficiency. These
improvements rely on multimodal features, each contributing to the identification of online
sexual exploitation and abuse material.

Multimodal Features

Combining audio and visual information enables a more comprehensive and robust
understanding of content, improving contextual interpretation and classification accuracy.

Fu et al. [5] introduced PornNet, a multimodal CNN framework integrating visual and
auditory cues with attention, achieving 93.4% accuracy. Zhao et al. [6] developed Porn2Vec,
leveraging multimodal embeddings for pornographic website detection with an F1-score of
99.25%. Recent studies [7] explored cross-attention mechanisms for fusing heterogeneous
modalities, enhancing performance in emotion recognition and sensitive content detection.

3. Sensitive Content Detection in Audio and Video
Transformer-based architectures and attention mechanisms have proven particularly

effective in modeling spatial and temporal dependencies across modalities, reaching ac-
curacy above 99% on benchmark datasets such as Pornography-2k. However, most ap-
proaches treat each modality independently, limiting contextual understanding. The
Large-Scale Sexual Private Dataset (LSPD) [8] was selected due to its unique multimodal
structure, including both class-level labels and polygonal masks identifying sexual organs
in images and videos. With 500,000 images and 4000 videos (2000 safe and 2000 sexual), it
provides a robust foundation for multimodal learning and evaluation.

3.1. Methodology

To address this limitation, we propose MAV-Att, a novel end-to-end multimodal
architecture that jointly optimizes auditory and visual branches using attention-based
feature fusion. The workflow consists of the following stages:

1. Preprocessing: Videos are segmented into 20 s clips following best practices [9].
Keyframes temporally aligned with audio segments are extracted using perceptual
hashing (pHash) to remove redundant visuals.

2. Feature Extraction: Log-Mel spectrograms encode temporal and spectral properties of
audio, while CNNs extract semantic and spatial visual representations.

3. Unimodal Attention: Each branch applies self-attention to highlight the most discrim-
inative features within its modality.

4. Fusion and Classification: Outputs from both modalities are fused through a weighted
softmax function to predict safe vs. sensitive content.

This attention-guided fusion allows the model to focus on the most relevant pat-
terns and interactions between auditory and visual cues, enhancing interpretability and
robustness. Figure 1 shows an overview of the MAV-Att architecture.
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Figure 1. Overview of the MAV-Att architecture and workflow.

3.2. Data Preprocessing and Experimental Setup

A structured preprocessing pipeline was implemented to enhance the extraction of
audiovisual features. The process included data cleaning, noise reduction, normalization,
and temporal alignment between visual frames and their corresponding audio segments.
Videos were segmented into 20 s clips, while redundant frames were removed via a
perceptual hashing (pHash) algorithm with a Hamming distance threshold of 10, retaining
between 2 and 10 keyframes per segment. Data augmentation—such as random cropping,
flipping, and pitch shifting—was applied to improve model generalization and robustness
under varying input conditions.

After preprocessing, the dataset comprised 52,427 audio segments and 277,133 aligned
images across both classes. This process ensured temporal coherence and increased data
diversity without additional manual labeling.

Experiments were conducted using the LSPD (Large-Scale Pornography Dataset),
divided into 80% for training and 20% for testing, ensuring that segments from the same
video did not appear in both sets to prevent data leakage. A five-fold cross-validation
strategy was applied to validate model consistency. Performance was measured using
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precision, recall, F1-score, and confusion matrices. Predictions were obtained through
majority voting across aligned audiovisual segments.

3.3. Implementation Details and 20-s Segment Experiments

AdamW optimizer (lr = 1 × 10−4, weight decay 1 × 10−3) was used with batch size
32 for 50 epochs and early stopping (patience 5). Preprocessing included resizing images
to 224 × 224, normalizing using ImageNet statistics, and converting audio to log-Mel
spectrograms (NFFT = 1024, 16 kHz, NMELS = 224, hop length 512). Data augmentation
was applied in both modalities to increase robustness. Audio and visual segments were
packed into tensors preserving temporal alignment.

Experiments were conducted using 20-s audiovisual segments. Baseline tests without
attention or augmentation showed that combining audio and visual features improves
F1 score from 80.8% (audio only) and 91.0% (visual only) to 92.3% (fusion with combined
loss). Fine-tuning the MAV-Att model with trainable layers and data augmentation in-
creased F1 to 94.2% in cross-validation. Experiments on 20 s segments with selected
key frames achieved F1 scores of 94.1% for safe content, 95.6% for sensitive content (see
Table 1) and a global F1 of 94.8% in videos, demonstrating that attention-enhanced segments
provide valuable contextual information.

Table 1. Classification report with precision, recall, F1-score, and support for the test set.

Label Precision (%) Recall (%) F1-Score (%) Support

Safe 94.7 93.58 94.1 4627
Sensitive 95.1 95.98 95.6 6048

Overall Accuracy 94.9 10,675
Macro Avg 94.9 94.8 94.8 10,675
Weighted Avg 94.9 94.9 94.9 10,675

4. Conclusions and Future Work
This study presents a video classification model integrating visual and audiovisual

attention mechanisms to enhance sensitive content detection. Overall, combining modalities
with attention significantly improves audiovisual classification, offering a scalable solution
for automated digital content moderation. Future work will explore alternative key frame
selection strategies and investigate more sophisticated methods to effectively fuse visual
and audio modalities.
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