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ABSTRACT

Rising deepfakes and false information on social media
constitute a major danger to digital security, democracy,
and public trust. Conventional text-based detection
techniques fall short of solving the rising sophistication of
altered material including images, video, and sound. By
using natural language processing (NLP), computer vision,
and audio analysis in a multimodal analysis framework, this
study aims to detect and categorize deepfake material and
connected misinformation. The system exceeds unimodal
solutions in accuracy and robustness by combining visual
cues (e.g., facial inconsistencies), acoustic patterns (e.g.,
voice synthesis artifacts), and textual analysis (e.g., fact-
checking and sentiment). Integrated processing of data
from sites like Twitter, Facebook, and YouTube combines
deep learning and machine learning models-CNNs for
image/video analysis and transformers for text
understanding. Across several datasets, experimental
findings show that the suggested model surpasses basic
systems in both recall and accuracy. This study emphasizes
how crucial multimodal approaches are for preserving
information integrity in the digital age.

L INTRODUCTION

Rising deepfake technology and false information on digital
platforms in recent years have become a major concern for
online credibility and public trust. Deepfakes-synthetic media
produced using artificial intelligence to alter facial
expressions, speech, and gestures-can convincingly mimic
real people, thereby complicating the ability to tell real
content from fake content. At the same time, the fast
proliferation of false or misleading information-
misinformation-on social media has driven public
uncertainty, political division, and societal agitation.

Conventional methods of identifying false material have
mostly concentrated on single data modalities, such text or
picture analysis. Still, these unimodal approaches sometimes
fall short of reflecting the whole range of misleading
techniques employed in current media. A deepfake video, for
instance, might look quite realistic but comes with false
subtitles or manipulated speech. Consequently, there is an
increasing demand for a thorough, multimodal strategy that
guarantees detection and stops the spread of altered data by
simultaneous analysis of visual, verbal, and aural cues.

This study presents a multimodal deep learning architecture
meant to detect and examine deepfake and misleading
material across several data type. By combining computer
vision, natural language processing (NLP), and audio signal
processing, the suggested system can successfully spot
inconsistencies and abnormalities that point to tampered or
invented content. The approach shows great accuracy and

better dependability than conventional single-modality
techniques when applied on diverse datasets compiled from
public repositories, social media channels, and news outlets.
This study seeks to help with the creation of strong detection
systems that can fit changing threat environments and
support initiatives to preserve the integrity of digital
information ecosystems.

IL RELATED WORK

Many study looking at different approaches to address the
problems synthetic and false content presents have focused
on the detection of deepfakes and disinformation in recent
years. Unimodal methods-textual, visual, or audio analysis-
have customarily received research attention; each has clear
drawbacks when confronted with difficult, multimodal
manipulation.

In the field of deepfake detection, some researchers have
used convolutional neural networks (CNNs) to find minute
facial defects or pixel-level artifacts. For instance, Afchar et
al. (2018) introduced the MesoNet architecture to detect
visual anomalies in deepfake videos, whilst Nguyen et al.
(2019) proposed capsule networks to improve robustness
against adversarial inputs. Similarly, audio-based deepfake
detection, such as the work by Albadawy et al. (2020), used
spectral analysis and recurrent neural networks (RNNs) to
distinguish between real and synthesized speech.

Unimodal techniques are more insufficient now because
modern misinformation is multimodal, despite advances.
Multimodal  detection methods have recently been
investigated. Combining facial and voice analysis produces
better detection accuracy, according to Zhou et al. (2020),
who also introduced the FakeAVCeleb dataset. Wang et al.
(2021) created a multimodal transformer architecture that
improves fake news classification by simultaneous
processing of text and video. These methods show the
increasing awareness that multimodal learning improves the
capacity to detect sophisticated manipulations. Still,
obstacles still exist in dataset variety, real-time detection,
scalability across languages and domains, and building on
earlier research, this study suggests a unified framework
combining image, audio, and text modalities to provide
better generalization and robustness against various editing
techniques.

II1. Data and Sources of Data

To properly train and assess the suggested multimodal
detection system, several datasets including text, audio, and
video modalities were employed. To guarantee strong model
performance across various situations, these datasets
include a broad spectrum of deepfake material,
disinformation stories, and genuine media samples.
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1. Visual and Acoustic Deepfake Data Sets:

Face Forensics++ is a frequently used dataset with more than
1,000 real and altered video samples produced using several
face-swapping methods. It offers premium facial deepfakes
with true ground truth labels.

Published by Facebook, this big dataset with thousands of
deepfake films helps model training and assessment under
various environments by means of metadata and original
source movies

Designed for training models examining both facial and voice
attributes, FakeAVCeleb is a multimodal collection with
synchronized audio and video deepfakes of celebrities.

2. Text-Based Misinformation Data:

LIAR Dataset: Categorized into six truthfulness levels, a
reference collection of 12.8K human-labelled short
statements from many sources free of annotations. It has
valuable metadata including subject and speaker.

_fake news net: Merging news material with social context
data from sites like Twitter allows for false detection based
on both article content and spreading patterns.

Designed specifically for health-related misinformation,
CoAlD is a specialized dataset including tweets, fake and real
news pieces, and user engagement metrics

3. Multimodal Misinformation Data Sets:

Annotated with labels like real, false, unverified, and non-
rumour, datasets including tweets, retweets, replies, and
related user networks, twitter15 and twitter16. These data
back social context rumour detection.

Supporting joint training across many media channels, We
Verify Multimodal Dataset offers real-world examples of fake
and actual news including pictures, videos, and co-written
textual content.

Data collection followed ethical guidelines, therefore
guaranteeing conformity with platform terms and, where
needed, anonymizing. Together these datasets help to
develop and validate a complete multimodal system with
great accuracy and flexibility fitted to identify modified
media and false information.
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Iv. RESEARCH METHODOLOGY

Using a multimodal deep learning technique combining
visual, auditory, and textual analysis, this study aims to
identify deepfakes and false information. Data preprocessing,
feature extraction, modality-specific modeling, multimodal
fusion, and evaluation constitute the five main phases of the
approach.

1. Data Preparation:
OpenCV extracts video frame data and resizes it to a uniform
resolution. MTCNN helps faces find alignment for uniformity.

Using FFmpeg, audio is extracted from movie streams. For
feature representation, spectrograms and MFCCs (Mel
Frequency Cepstral Coefficients) are produced.

Using NLP methods including stemming and stop-word
removal, text related to media (video captions, tweets, article
content) is cleaned, tokenized, and normalized.

2. Feature Extraction:
Deep visual features from facial areas are extracted viaa pre-
trained CNN (e.g., EfficientNet or Exception).

LSTM and CNN layers handle the spectrograms to incisively
grab time and frequency-based indicators of synthetic audio.

Transformer-based models like BERT or RoRoBERTa are
used to accurately identify semantic elements and contextual
interactions in the text.

3. Modal-Specific Modeling:

Every data modality first undergoes initial processing by a
network of neurons designed specifically for it:

» Find CNN-RNN design for video

» CNN-LSTM for audio

» BERT for textual information

These models generate high-level embeddings that capture
the content's modality-specific features.

4. Multimodal Fusion:
All three modality embeddings are concatenated and run via
a totally connected neural network.

Attention mechanisms help to consider how much each
modality helps toward the ultimate classification.

Input is classified by the fusion model as real or fake;
severity of misinformation (e.g, true, partially true)
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V. RESULTS AND DISCUSSION

Using a mix of reference databases including visual,
auditory, and textual material, the suggested multimodal
detection framework was tested the findings show that
compared to unimodal approaches, integrating several
modalities improves detection performance.

1. Performance Measures:

» With an overall accuracy of 93.7%, the multimodal
model surpassed the top unimodal versions-visual-only
(89.2%), audio-only (85.5%), and text-only (87.4%).

» Across all test sets, Fl-scores, recall, and precision
were rather superior:

» The multimodal classifier's ROC-AUC score of 0.96
shows great discrimination ability between actual and
fake content.

2. Modalities Contribution Analysis:

Studies on ablation revealed that excluding any one
modality decreased total performance:

» Without visual input: -4.5%.

» Without sound input: -6.1%.

» Without text input: -5.3%.

These findings support the idea that every modality has a
unique contribution to detection; audio has a somewhat
more important role in identifying deepfakes.

3. Error Analysis and Case Studies:

Sometimes, deepfake films with little facial motions were
misclassified as real; this was especially true if visual and
audio cues were faint or well-synthesized.

In false information detection, sarcastic or unclear language
caused misclassification, underlining the necessity of
greater contextual awareness.

In many instances, though, the fusion model could make up
by depending on better signals from the other modalities.

4. Evaluation across datasets:

Trained on FaceForensics++ and evaluated on DFDC, the
model exhibited excellent generalization with a 90.4%
accuracy.

The model suited well with little fine-tuning on
FakeNewsNet and Twitter16 datasets, therefore showing
domain flexibility.

5. Real-Time Application Feasibility:

On a GPU-enabled system, inference speed was around 1.8
seconds per instance; hence, the system is appropriate for
real-time or near-real-time monitoring in social media
pipelines.

Discussion:

The results support the conclusion that a multimodal
approach greatly increases the dependability and
correctness of identifying falsehoods and deepfakes. The
system is more resistant to opposing manipulation that
mightjusttarget a single modality by using several kinds of
signals. Furthermore, improving interpretability is the
attention mechanism in the fusion stage, which offers
insight on which aspects contributed most to every
classification.

These findings point toward the viability of implementing
such systems in important fields including journalism, law
enforcement, and platform control. Future improvements
mightinclude adaptive learning systems to handle changing

manipulation methods, multilingual support for text
analysis, and temporal modeling for video.
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