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Abstract

Multimodal video segmentation and classifications are an emerging need for the
detection of video-based fraudulent applications. Existing fusion methods, such as the
Multimodal Embedding Alignment System (MEAS), Transformer models, and Visual
Semantic Multi-Head Attention (VSMHA), have produced prominent multimodal video
classification results. However, they rely on static segmentation and uniform fusion strategies,
which weakens cross-modal interaction and leads to the loss of contextual information.
Nevertheless, they rely on uniform fusion and static segmentation, which weaken cross-
modal interactions and lead to the loss of relevant context. To address these limitations, this
paper presents a Dynamic Adaptive Semantic Fusion Framework (DASFF) that integrates an
adaptive video segmentation system that synchronises semantic scene changes with segment
boundaries in real time. The proposed method enables more coherent and discriminative
feature representations by capturing both temporal dynamics and contextual semantics. To
demonstrate the efficacy of the proposed DASFF method, an extensive experimental study
is conducted using the TAU urban audio-visual dataset. The proposed DASFF achieved
an accuracy of 98.70% and demonstrated robust improvements in statistical performance.
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The results indicate the usefulness of semantic-aware fusion and adaptive segmentation for
improved multimodal video classifications.

Subject Classification: Primary 93A30, Secondary 49K15.
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1. Introduction

The rapid growth of video data from surveillance systems, social networks,
and smart monitoring applications has made multimodal video understanding an
important research topic in computer vision and artificial intelligence. By
combining visual information with changes over time and contextual meaning,
multimodal approaches provide a more comprehensive understanding of video
content and can improve the accuracy and reliability of its interpretation.
Moreover, the emergence of large-scale datasets and the advancement of deep
learning architectures further propelled its adoption in various applications such
as anomaly detection, smart surveillance, human activity recognition, and
content-based video retrieval. However, although all this has happened, it is hard
to effectively integrate multimodal information.

Existing multimodal video classification approaches typically rely on a
prior defined segmentation and fusion strategy. The traditional early and late
fusion methods fuse the modality features prior to, or after processing. However,
they often do not represent complex relations between modalities, and they are
often simply assuming that all contexts have the same contribution from all
modalities, which is seldom the case in reality as noted by Vaswani et al. [1]. To
overcome this drawback, attention-based approaches have come into vogue.
Transformer-based architectures can capture long-range dependencies in video
data using self-attention, as described by Liu et al. [2]. Similarly, MEAS uses
language models, like ROBERTa by Baltrusaitis, Ahuja, and Morency [3] in this
work, to obtain semantic embeddings which are then used to enhance the cross-
modal representation, and VSMHA is formed to encode jointly both the visual
and semantic information by using multi-head attention present in Zadeh et al.
[4]. While these approaches advance the field of representation learning, they
also have drawbacks in terms of computational complexity, scalability of the
system, and adaptive fusion of context-aware features. Previously, multimodal
video classification approaches have been difficult to develop due to the
problem of determining which modality is the most informative and prioritizing
it, thus restricting their discriminative capability.

Existing approaches have a major drawback: They assume a fixed structure
of the video, ignoring semantic transitions and also making classification less
effective as noted by Wu et al. [5]. To resolve this issue, DASFF fuses adaptive
segmentation and dynamic semantic fusion. It uses the semantic cues and
temporal dynamics to find meaningful transitions. It learns the modality
importance from the context and achieves more robust cross-modal learning,
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more accurate performance, better generalization and more efficient
performance than existing approaches.
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Figure 1
Key Steps for the Proposed DASFF frame work flow

The DASFF framework is composed of two parts: video and audio
features, both of which are represented in a single unit as shown in Figure 1. The
framework uses adaptive segmentation to find meaningful scene changes,
GMM-HMMs to model the temporal aspect, and TF-IDF and LSA to obtain
semantic features. Lastly, using a deep neural network, the scene is classified.
DASFF combines multimodal fusion, adaptive segmentation and semantic
learning to achieve more accurate and robust classification than the current
methods.

The main contributions of this work are: (1) an adaptive video
segmentation approach that aligns segment boundaries with semantic scene
transitions, (2) a dynamic semantic fusion framework that assigns context-aware
importance to multimodal features, (3) extensive experiments demonstrating
superior performance over existing methods, and (4) a scalable and efficient
architecture suitable for real-world multimodal video understanding
applications.

2. Literature Study

Recent advances in multimodal video understanding combine audio-visual
information using deep learning and attention mechanisms presented in Mocanu,
Tapu, and Zaharia [14]. Feature pyramid attention models improve feature
extraction through multi-scale and spatial-channel attention, but do not
effectively handle temporal segmentation or semantic scene transitions as
discussed by Zhou et al. [6]. The boundary methods with context are provided
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by temporal encoding and consistency modelling to improve event localization,
but they assume the existence of segments and cannot guarantee semantic
continuity at boundaries proposed by Wang et al. [7] and Gong et al. [13].
Likewise, multimodal fusion methods enhance classification accuracy, but they
typically adopt a static fusion method, which is not flexible for different scene
conditions as discussed by Shaikh et al. [8]. Recent multimodals model methods
are good on feature learning and efficient computational, but still there are
difficulties of adaptive fusion, temporal consistency and segmentation accuracy,
as examined [9]. Several methods have problems to capture semantic relations
between frames, and often require separate modality-specific encoders, which
leads to less effective multimodal integration mentioned in Gong et al. [10].
Multimodal emotion recognition and spatio-temporal attention methods also
need a lot of pre-processing and segmentation, with fixed length, thus limiting
their adaptability to the dynamic scenes, as highlighted by Wei et al. [11].

In the video understanding task, there are hybrid attention-based video
summarization models and attention-based token-based models like in Igbal et
al. [17] that enhance video understanding, but are still based on predetermined
video segmentation strategies. These methods are not able to accurately
represent real semantic scene transitions, deteriorate temporal continuity and do
not include adaptive multimodal fusion, which hinders the ability to select the
best modality to highlight. In general, these methods have limitations such as
fixed segmentation, static fusion and weak temporal-semantic modelling, which
require the development of an adaptive segmentation and context-aware
multimodal fusion for more effective video understanding.

3. Proposed Dynamic Adaptive Semantic Fusion Framework

DASFF combines adaptive segmentation with dynamic semantic fusion to
better capture and integrate information from multiple modalities in videos. It
detects meaningful scene transitions, assigns context-aware importance to
different modalities, and combines them into a unified representation. By
capturing both temporal patterns and cross-modal relationships, DASFF
achieves more accurate and robust classification, especially in dynamic
environments where modality importance changes over time.

Algorithm 1: Dynamic Adaptive Semantic Fusion Framework (DASFF)
Input: Multimodal video V = {(x},x2,x$)}i,

Output: Predicted class label Y

Methodology:

1.  Extract visual features fY = ¢, (x{), audio features f? = ¢,(x{), and
semantic features {7 = ¢¢(x;)for all frames

Concatenate multimodal features f, = [f7, {2, f7]
Compute temporal variation A, =|| f, — f_; |l
Detect segment boundaries using threshold tbased on A,

wbk v

Partition video into segments S = {S4, S, ..., Sk}
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6. Compute segment-level features F, Fi, Fyusing average pooling
Calculate adaptive modality weights oy 'using softmax normalization

Perform semantic-aware fusion Fy, = ). mevas) ap Fg!

9.  Aggregate global representation F = %Zle Fy

10. Apply classification layer Y = o(W_F + b)
11. Compute loss using cross-entropy and update model parameters

The Dynamic Adaptive Semantic Fusion Framework (DASFF), proposed
in this study, represents multimodal video data by jointly modelling visual,
auditory, and semantic features across temporal sequences. A video can be
represented by

V = {0t %, %)} =1 ©)

Where x7, xZ, and x; are the visual, audio, and semantic input respectively

at time t, and T denotes the total number of frames. The above equation

describes how the multimodal signal evolves over time and serves as the basis

for subsequent feature modelling. To extract discriminative features, modality-

specific feature extractors are used. The visual, audio, and semantic features are
extracted as

f& = o), f = Pa(x), f7 = bs(x5) 2
where ¢,,, ¢,, and ¢, represent deep feature extraction networks. The resultant
features from these modalities are combined into a single multimodal feature
vector.

fe= U FE €)

The extracted modalities provide complementary information for scene

understanding. To overcome the limitations of fixed segmentation, DASFF

employs adaptive segmentation based on semantic scene transitions. The

temporal difference between consecutive frames is then calculated to identify
meaningful changes in the video sequence.

Ae =l fe = fe-a “)
which determines the magnitude of change within multimodal content. An
increase in 4, signals a possible semantic transition. A boundary detection
function based on thresholds can be expressed as

b= 0 ={g ot )

0, Otherwise
where 7is a predefined threshold. When b, = 1, a new segment boundary is
created. This process yields a set of adaptively segmented video portions

S ={5,55, ...k} (6)
where K is the number of segments. This adaptive strategy matches segment

boundaries to some coherent, meaningful transition in the scene, maintaining
temporal continuity and important events. The segment-level representations are
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produced by average pooling and multimodal features are fused for each
segment (Sy) to extract the local temporal information.
1

F¢ = @Zteskftv @)
1

F = @Zteskfta ®)
1

F;f = |S_k|2tesk fts )

where | Sy |is the number of frames in S;. These representations reflect the

important information that exists in each segment, but also preserve the

distinctiveness of each modality. The relevance of the different modalities could

be different in different contexts, so DASFF has a dynamic adaptive weighting

mechanism. Each modality's weight is determined with the softmax method
exp(WmFi)

2 mew,as) EXPWmFZ) (10)

aft =

where m € {v, a, s}, and W, represents learnable parameters. This formulation
allows the weights to be properly normalized and it allows the contribution of
each modality to be adapted for a segment. The weighted features for each of the
modalities are then fused to create semantic-aware representation for each
segment.

Fy = Zme{v'a's}a;cn'Flzn (11)

This approach considers how relevant each type of information is to the
context. By combining informative features and reducing the influence of less
useful ones, it helps distinguish between different video patterns. The features
extracted from each segment are combined to represent the video as a whole

F= %25211?,( (12)

This representation combines the temporal relationships and shared
meaning across video segments to describe the video as a whole. It is then
passed to a fully connected layer, followed by a softmax function that converts
the output scores into class probabilities. The class with the highest probability
is selected as the final prediction.

Y =a(W,F +b) (13)
where W, and b are learnable parameters, and odenotes the softmax function.

The output Yrepresents the predicted class probabilities. The model is optimized
using the cross-entropy loss function defined as

L=-%L yilog®) (14)

DASFF combines adaptive segmentation, dynamic modality weighting,

and semantic fusion in a unified framework. It separates videos into segments at

scene changes and adjusts the importance of each modality based on the context.

By integrating this information, DASFF builds a video representation that
supports more accurate and reliable classification across diverse scenarios.
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4. Experimental Results and Results

The proposed framework is evaluated on the TAU Audio-Visual dataset
introduced by Mesaros, Heittola, and Virtanen [12], a benchmark for
multimodal scene understanding. The experiments use 12,291 preprocessed
video sequences: 6,145 for model training and 6,146 for evaluating classification
performance.

Table 1
Experimental Analysis with Performance Measures
Method Accuracy Precision Recall F1-Score
Base [17] 0.9769 0.9763 0.9760 0.9760
MEAS [3] 0.9614 0.9661 0.9560 0.9602
Transformer [13] 0.9229 0.9217 0.9176 0.9184
VSMHA [4] 0.9681 0.9666 0.9653 0.9653
DASFF 0.9870 0.9865 0.9858 0.9861

Base Confusion Matrix

4@ o 2 o 2z 1 © o o

1000
o [Ss& =

1 o o ©

3 o a2 o 11

o o 6 1 a4 o
o o

True bl

Troe 3ol

nnnnn

1
o

VSMHA Confusion Matrix

.
o an B R
1200
1 1 SEs o L] L) o L] 14 o B ° l ° '
I o u 2 o 7 3 c B co .
@ 600 5 4
ae o o L s ou e B
5 e o 5 o & @
- o a 3 2 i o L] bt
2 0 “ o o 3
11 o o s 1 e o C .
- o o o oo [ o 200 . . .
o
a{o o 1 7 o 31 1 o T3+ =
o et o
PR ST B
Pradictnd labat
DASFF Confusion Matrix
o (e o 1 o ) o 1 o 1o0a
4 0 s ¢ o o o 1
Y - R ana
o 11 oo o o o
oo
. P o | [ Feo
o b o
L
T Az
........ S—

Confusion Matrices for the Existing and Proposed Methods

Table 1 compares the performance of DASFF and existing methods in
terms of accuracy, precision, recall, and F1-score. These metrics are also used
by Nalini, Raghavendra, and Prasad [15] and Leelavathi, Thahniyath, and Prasad
[16]. Although all models perform well, DASFF achieves the highest score on
each metric. These findings suggest that integrating adaptive segmentation,
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dynamic modality weighting, and semantic-aware fusion enables DASFF to
capture multimodal information more effectively.

The confusion matrices in Figure 2 indicate that DASFF distinguishes
video scenes more accurately than the other models. Its predictions are more
concentrated along the main diagonal, with fewer off-diagonal entries,
indicating fewer misclassifications. In contrast, Base, MEAS, Transformer, and
VSMHA show greater confusion between scene categories.

Combined ROC Curve Combined DET Curve
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Figure 3

Performance Analysis for the Existing Methods and Proposed DASFF with ROC
and DET Curves

Figures 2 and 3 show that all models perform well in classification, with
DASFF achieving the highest AUC and the lowest error rates in the DET
analysis. These findings suggest that its adaptive segmentation and semantic

fusion approach help distinguish between classes more effectively than the
compared methods.

Table 2
Statistical Significance of the Proposed DASFF
Comparison t-value p-value
DASFF vs Base 4.6549 0.000003
DASFF vs MEAS 10.1549 0.000000
DASFF vs Transformer 18.2357 0.000000
DASFF vs VSMHA 7.8956 0.000000

Table 2 shows that DASFF performs better than the compared methods,
with the greatest improvement over the Transformer model. The p-values below
0.001 indicate that these differences are statistically significant. Together, these
findings support the effectiveness of DASFF for multimodal scene classification
under the evaluated conditions.

5. Conclusion and Scope of the Work

This paper presented a successful multimodal algorithm DASFF for video
and audio classification. The adaptive segmentation and temporal modelling,
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coupled with the semantic feature extraction and multimodal fusion, enables
DASFF to better extract contextual and temporal information than current
approaches. Experimental results are shown, showing its superior classification
performance, and statistical significance tests are performed, as well as
confusion matrix, ROC curve and DET curve. The framework also has good
robustness and can be extended for large-scale real-time multi-modal
applications.
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