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Abstract
In recent times, Multimedia  Video Analytics is considered as one of the trending areas 
of research that focus on understanding different modalities of user-generated data. One 
of the sophisticated approaches to address this area of research has been to develop an 
efficient fusion technique that can handle multimedia data such as video which is a com-
bination of text, image and speech data. But most of the researchers failed to fill the gap 
between different modalities as the video signals are heterogeneous, invariant and this 
poses a major challenge even today. In contrast to previous research, proposed study exam-
ines implementation of novel framework for Multimodal Video Analysis called "Multime-
dia Video Analytics using Deep Hybrid Fusion Algorithm" which is a smart video ana-
lytical framework with three major modules such as Video Feature Extraction, Modality 
Representation and Fusion. Firstly the three modalities of video such as text, image and 
speech are extracted and represented in subspace as six hidden vectors using deep learning 
approach called “Modality Unchanged Precise Representation” or MUR Algorithm which 
uses Encoder Decoder Representation of BiLSTM. Later a novel video fusion technique 
called Deep Hybrid Fusion algorithm built over Attention based Transformation technique 
using Softmax suppression  is used to fuse the six hidden vectors in subspace for further 
task prediction. The proposed DHF approach is compared against fusion variants of LSTM 
such as MFN, TFN, MRN, MRMF, MV-LSTM and applied for humor detection  task on 
classic video datasets such as IEMOCAP, CMU-MOSI, CMU-MOSEI. By using metrics 
such as Precision, Recall, F-Measure and Accuracy the proposed DHF algorithm outper-
formed to provide best 7 class accuracy of 95.84%.
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1  Introduction

The extraction of pertinent information from multimedia data, such as video and audio, is 
the focus of the developing field of Multimedia Video Analytics (MVA). This method is 
used to analyse the data and derive important insights that have applications in a variety 
of industries, such as security, surveillance, and entertainment. The most recent studies 
in the subject of multimodal video analytics from 2022 have suggested a number of novel 
approaches to video analysis [1–5] and some of them are explained here.

In this study [6] on graph Convolutional networks (GCNs), a new technique for multi-
modal semantic video analysis, are proposed. The developed algorithm can examine both 
the textual and visual content of movies, modelling the interactions between various 
modalities using GCNs. The experiments’ findings demonstrate that the proposed method 
performs better than current methods in terms of precision and effectiveness.

In this research [7] on a multimedia analytics based on deep learning analysis of video 
footage is presented for the users. The suggested technique extracts features from films and 
analyses their content using Convolutional neural networks (CNNs) and recurrent neural 
networks (RNNs). The results of the studies demonstrate that the suggested method per-
forms video content analysis tasks with high accuracy and efficiency.

A hybrid method for object recognition and semantic segmentation in multimedia video 
analytics was presented in 2022 by these researchers [8]. The proposed technique combines 
the advantages of both methodologies to produce precise and effective video analysis. The 
experiments’ findings demonstrate that the suggested approach exceeds current approaches 
in terms of precision and effectiveness.

For the purpose of recognizing actions in videos, this researcher [9] put up a spati-
otemporal attention network. In order to selectively concentrate on crucial spatio-temporal 
regions in films for action recognition, the suggested method makes use of attention mech-
anisms. The experiments’ findings demonstrate that the proposed method performs better 
than current methods in terms of precision and effectiveness.

Here [10], a multi-task learning strategy is used to track and recognize objects in films. 
Using a single deep neural network, the suggested method jointly learns object identifica-
tion and tracking tasks. The results of the studies demonstrate that the suggested method 
performs object detection and tracking tasks with high accuracy and efficiency.

Overall, new methods for analyzing videos have been offered by current research in the 
subject of multimedia video analytics. Deep learning methods including CNNs, RNNs, GCNs, 
and attention mechanisms are extensively used in the previous methods. In a variety of video 
analysis tasks, including object detection, tracking, action recognition, and content analysis, 
these approaches have demonstrated promising results in terms of accuracy and speed.

Analyzing and comprehending vast amounts of multimedia data is the difficult research 
topic of multimedia video analytics. Among the MVA research difficulties now being addressed 
include real-time processing, deep learning for MVA, multimodal analysis, explainable MVA, 
efficient fusion techniques, privacy and security. Although some approaches have been sug-
gested in recent research publications as solutions to these problems, it is still necessary to 
develop MVA techniques for large-scale multimedia data that are more efficient and effective.

The first research challenge analyzed in the proposed research work is related to mul-
timodal analysis of video data. Multimodal analysis is a kind of analysis that takes into 
account a wide variety of sentiments, including audio, video, and text. Similar to the 
conventional sentimental analysis, multimodal sentimental analysis is based on the same 
principles. Multimodal sentiment analysis has been used recently in the development of 
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multimodal recommender systems. Learning about the user’s experience, which is com-
municated through multimodal analysis, is the key or the lead to recommender systems. 
It is possible to produce more effective insights with multimodal sentiment analysis.

Due to the expanding availability of video data and the possibility of deep learning algorithms 
for analysing and comprehending video content, the field of research into video modality repre-
sentation is expanding quickly. Although there have been numerous important developments in 
video modality representation over the past few years, there are still a number of research issues 
that need to be resolved and this is ext research challenge addressed in the proposed work.

Although the study of video modal representation is advancing quickly, there are still 
a number of problems that need to be solved. Creating efficient representation learning 
methods for video data, domain adaptation, multi-modal fusion, and explainability and 
interpretability are a few of the major obstacles. In order to advance the state-of-the-art 
in video modality representation and realise the full potential of video data for various 
applications, it will be essential to address these problems.

Due to their capacity to combine data from many sources, video fusion techniques 
have drawn a lot of attention in recent years. This has improved the quality of the vis-
ual content. To overcome the shortcomings of current approaches, brand-new video 
fusion techniques have been presented. In recent years, numerous inventive video fusion 
approaches have been put forth. A deep learning-based video fusion technique was put 
out by Zhang et al. (2022) in their work to enhance the detection of objects in low-light 
conditions by combining RGB, depth, and thermal pictures in real-time [10].

A multi-scale Convolutional neural network was suggested in a different study by Liu et al. 
(2022) [7] for combining dynamic visible and infrared films, which enhances the detection 
of moving objects in cluttered backgrounds. A hybrid video fusion method was put forth in 
a recent work by Chen et al. (2023) [9], which merged methods based on deep learning and 
sparse representation to produce better results in terms of image quality and fusion accuracy.

Although video fusion techniques have advanced, there are still a number of prob-
lems that need to be solved. Below are some of these challenges discussed:

1.	 Video fusion that is dynamic: Video fusion that is dynamic is a difficult problem, 
especially when the videos have various frame rates and resolutions. To overcome this 
obstacle and enhance the detection of moving objects in cluttered backgrounds, novel 
fusion approaches are needed.

2.	 Computational complexity: Deep learning-based video fusion techniques are compu-
tationally expensive, which limits their practical applicability. Developing novel fusion 
techniques that are computationally efficient, without sacrificing fusion accuracy, is an 
ongoing research challenge.

In order to develop more sophisticated video fusion techniques with higher perfor-
mance and practical applicability, these issues must be resolved and hence the current 
research work focus on developing a novel video fusion strategy for videos as final 
research challenge. Thus the novelty of the proposed research work involves:

	 i.	 Creating a smart multimedia video analytical framework to handle the research prob-
lem of multimedia video feature extraction of modalities such as text, image and 
audio using deep learning techniques. 

	 ii.	 To put into practise a novel video modality representation algorithm to address 
issues with domain adaptation, explainability and interpretability and efficient 
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representation learning using advanced neural networks and BiLSTM Encoder-
Decoder techniques. 

	 iii.	 To propose a novel multimodal fusion algorithm that addresses current difficulties 
with fusing the image, text and audio data over real-time that reduces computational 
complexity and allows dynamic fusion.

In contrast to previous research, this study examines implementation of novel frame-
work for Multimodal Video Analysis called “Multimedia Video Analytics using Deep 
Hybrid Fusion Algorithm” which is a smart video analytical framework with three major 
modules such as Video Feature Extraction, Modality Representation and Fusion.

The technique of locating and extracting significant patterns and characteristics from 
video data is known as "video feature extraction" i.e. done by Video Feature Extraction 
module of the framework. To glean insights from the video information, this module entails 
analyzing a variety of modalities, including text, image, and speech. Proposed Enhanced-
BERT model is to analyse the textual information in the video in order to find and extract 
significant keywords and phrases. During image feature extraction, crucial aspects like 
color, texture, and shape are recognized and extracted from the visual content of the video 
using proposed neural network algorithm called MultiNet-101. In speech feature extrac-
tion, critical information like pitch, loudness, and tone are extracted from the audio mate-
rial of the video using signal processing techniques and Librosa Library.

Next Modality Representation module introduces a novel Video Modality Representa-
tion strategy called “Modality Unchanged-Precise Representation” which represents the 
extracted text, image and speech modalities in subspace using six hidden vectors.

Influenced by the latest advancements in algorithms that use more than one source of the 
domain, proposed Modality Unchanged-Precise Representation technique learns to represent 
each modality clearly. The first representation is focused on lessening the modality gap. Here, all 
the modalities for input are delegated to a commonplace. Multimodal inputs are taken from vari-
ous sources even though they serve a common goal of the orator. The unvaried input helps to get 
these fundamental resemblances and their corresponding features. Many of the older sentiment 
analysis models do not use arrangements like this before integrating various sources of data, 
which adds additional work on them later, while they want to integrate different modes of data.

Affixing to the unvaried subcategory, proposed technique additionally gains knowledge 
about Modality Unchanged characteristics that are specific to all the modalities. For the 
input, each modality clasps the different characters that are well defined, which include 
speaker-centric data. Such individual data are often not connected to further modalities and 
are classified as disturbances. These can be of the form where the speaker’s propensity is 
sarcastic, ironic or sometimes doubtful. Gaining knowledge about such modality-centric 
characteristics accolades the inherent features apprehended in the Precise or Unvarying 
space and will provide a complete multimodal portrayal of the inputs.

After representing the modalities in the subspace a novel fusion algorithm called “Deep 
Hybrid Fusion” Algorithm is introduced to fuse the hidden vectors represented in the sub-
space using Modality Unchanged-Precise Representation using attention-based transforma-
tion method using Softmax suppression.

Later to gain knowledge about these subspaces, a mixture of various types of droppings or 
loss functions are introduced which includes orthogonal loss, reconstruction loss, and distribu-
tional similarity loss. The proposed framework is applied for humour detection and tested against 
classic datasets such as IEMOCAP, CMU-MOSI, CMU-MOSEI using metrics precision, recall, 
F-Measure, Accuracy which outperformed by providing best accuracy of 95.84%.
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2 � Related works

Multimedia Video Analytics (MVA) is a field of study that involves the processing and analysis 
of multimedia data, particularly video data. MVA is used in various applications, such as sur-
veillance, security, and entertainment. In recent years, there has been a significant increase in 
the research and development of MVA techniques, particularly with the advancement of deep 
learning and computer vision technologies. This literature review aims to provide a comprehen-
sive overview of the latest research in MVA using research papers from the recent years.

2.1 � Multimedia data analytics

The composition of proposed framework is mainly classified into (i) input level (ii) context 
level. While input-level algorithms deal with an ideal input in separation, contextual algo-
rithms use bordering inputs from the all-inclusive video.

•	 Input level: The work in this division is mainly concentrated on cross-modal learning that 
uses sophisticated fusion methods. These works incorporate a collection of methods, such as 
tensor-based learning [11] and multi-kernel learning [12].When these works achieve fusion 
on the representation of the input, another division of work performs fusion on the world 
level. The Approaches that are used are multimodal-aware word implants [13], reiterative 
multi-stage fusion [14], graph-based fusion [15, 16] and reiterative neural networks [17–19].

•	 Context level: The context from neighbouring input values of the target input is used 
in these models. Constructed as a hierarchical lattice, they model discrete inputs at the 
subordinate level and context inputs at the next plane. Sherstinsky, A et al. put forward 
distinct initial models, bi-directional LSTMs [20], which used this blueprint towards 
bc-LSTM for the context depiction learning, mounting the comprehensive complica-
tion as an organized prognosis work [21]. Later tasks involve creating improved contex-
tual models. The work we do is very unalike from these obtainable works. We neither 
abstain from using contextual data nor concentrate on complex fusion methods. Rather, 
we work on the consequence of representation learning before fusion. However, pro-
posed model can include these above specified factors, if needed [22–24].

2.2 � Subspace representations in multimedia data analytics

Generally works based on cross-modal common subspace are classified into 3 types. The 
first type of model is Correlation based Algorithms [25] which learn cross-modal corre-
lations using different correlation techniques [26]. The second type of model is the one 
that learns from a modality mapped subspace representations which are shared at the same 
time using methods such as adversarial learning [27]. The third type of model is the one 
that translates from one modality to another by using different sequence methods [28] and 
cyclic translation methods [29].

2.3 � Factorized representation

Inside the subspace learning system, we focus on factorized depictions. The main motive is to 
learn modality-invariant and explicit portrayals. We have taken encouragement from various 
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articles on shared-private representation to accomplish this goal. The idea of shared private rep-
resentation is mainly taken from the multiview component analysis. The literature works men-
tioned above have helped us to design Latent Based Models which include private, separate, and 
shared latent variables. Our proposal, unlike these models, demands a differentiable Deep Neural 
Network workflow that avoids the need for approximate inference. The proposed framework is 
mainly related to the Domain Separation Network which focuses on separating two domains.

3 � Multimedia video analytical framework

Proposed research investigates the application of an innovative framework for Multimodal 
Video Analysis for humor detection is videos as shown in Fig. 1. The framework consists of 
three modules: Video Feature Extraction, Modality Representation and Deep Hybrid Fusion.
The Video Feature Extraction module is responsible for identifying and extracting important 
patterns and attributes from video data. This process involves analyzing various modalities, 
such as text, images, and audio. The Modality Representation module employs a novel method 
known as "Modality Unchanged-Precise Representation" to accurately depict domain repre-
sentation in higher dimesion for each modality. The Deep Hybrid Fusion module presents a 
novel approach to fuse the modalities represented in subspace using Softmax suppression.

3.1 � Video feature extraction

This module extracts three major features such as text, image and speech using various 
deep learning techniques.

3.1.1 � Text feature extraction

A pre-training language model called BERT (Bidirectional Encoder Representations from 
Transformers) has considerably enhanced the study of natural language processing (NLP).
However, the BERT algorithm suffers a number of difficulties, including:

Fig. 1   Proposed framework for Multimedia Video Analytics using Deep Hybrid Fusion Algorithm
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1.	 Limited comprehension of context: Despite being a strong NLP tool, BERT still has 
issues comprehending the context of language. For instance, BERT might not be able 
to comprehend irony or sarcasm, which could result in inaccurate forecasts.

2.	 Training data bias: BERT, like any machine learning model, is susceptible to bias from 
the training data that was used to develop it. This can result in incorrect predictions or 
confirm preexisting prejudices.

Hence in the proposed work an “Enhanced-BERT” model is built with more precise training 
data which can overcome contextual difficulties such as understanding sarcasm, irony that can 
in turn improvise the accuracy. The proposed methodology for text feature extraction is given 
by: Firstly input the words into BERTbase model with Transformer layers, L = 4 to average the 
output. Finally each piece of word is represented as Wt = 768 dimensional feature vector Xt.

here , Xt
j
represents the out of the last jth transformation layer in BERTbase model for each word T.

3.1.2 � Image feature extraction

Out of all the modalities facial features clearly explain the emotion of the person for mul-
timodal analysis. For each video input the emotional change in the facial expression of the 
person with time series is determined frame by frame and is processed without any back-
ground information. Popular library called OpenCV is used for video to frame extraction. 
Here usually background information of the image doesn’t play an important role as the 
more focus in given on the person’s topic of interest or news he is talking about. Next face 
detection is done by one of the popular libraries Histogram of Oriented Gradients or HOG.

For each video frame Vi, the number of faces detected is given by Facei. Let Hi be the height 
of each face detected from Vi. Each face in the frame is of different heights and hence to fill the 
gap, black block Blocki is used as splicing. This confirms the uniformity of heights of all the faces 
and also horizontal stitching is applied as final version to the faces in image to input to the neural 
network. The formulization of the above extraction technique is given in Eq. (3) and Eq. (4).

Here,Length
(

Facei
)

 is Length of the image, Height
(

Facei
)

 I height of the image. 
Also, ABlock(Facei )

 is the dimension of the block box and ⊕ is the vertical join operator to 
fuse the different features. Finally stithing

(

padding
(

Facei
))

 represents the padding and 
horizontal stitching for the incorrect image as shown in Eq. (5).

(1)
{

Xt
j

}M

j=1
= BERTbase(T)

(2)Xt =
1

L

(

M
∑

j=1

Xt
j

)

∈ RWt

(3)ABlock(Facei )
= (3, Length

(

Facei
)

,Hi − Height
(

Facei
)

)

(4)padding
(

Facei
)

=

{

Facei,Height
(

Facei
)

= Hi

Facei ⊕ Blocki ∈ R
XBlock(Facei ) ,Height

(

Facei
)

< Hi

(5)Facei = stithing(padding
(

Facei
)

)
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Facei , is the final stitched image after correction. Next the each image frame is pre-pro-
cessed to normalize and then fed into MultiNet-101 a novel neural network algorithm with 
101 layers. This neural network is pre-trained with 2048 dimensions for feature extraction 
from Facei . An average value of feature vector XFacei

I
 for visual feature extraction is calcu-

lated with Wv = 2048 dimensions for each “frame” of video. The formularization of the 
feature extraction using MultiNet-101 is given by Eq. (6) & (7) respectively.

(6)X
Facei
I

= MultiNet − 101(Facei)

(7)Xv =
1

frame

(

∑

i

X
Facei
I

)

∈ RWv

3.1.3 � Speech feature extraction

Librosa is a library used for speech extraction in the proposed model. The speech data with 
time series is inputted to Librosa library with sampling rate of 22,000 Hz. Heuristic based 
audio extraction technique is used for noise reduction from the sample audios. Next the local 
features such as MFCC, Spectral Centroid, Mel-spectrogram are extracted from the audios as 
non over palling windows i.e. Wa.. A joint vector i.e. 

{

Xa
j

}Wa

j=1
 is created by combining all the 

local features with Wa = 285 dimensions. The average value of the join vector is given by:

Here ⊕ concatenates each of the features i.e. XMFCC
i

,XMFCCdelta
i

,XMel
i

,XMeldelta
i

,X
Spec

i
 

in the Eq. (8) and Eq. (9).

3.2 � Modality representation

 The Modality Representation module introduces a new method called "Modality Unchanged 
Precise Representation" Learning. This technique involves mapping different types of data—
such as text, images, and speech—into a common space using six hidden vectors. By lev-
eraging recent advancements in algorithms that handle multiple data sources, this approach 
aims to clearly represent each type of data. The primary goal is to minimize the differences 
between modalities by aligning them into a shared framework. This alignment helps in iden-
tifying common features and similarities among the different data types, making it easier to 
analyze them together. Traditional models often face challenges when integrating various 
data sources, leading to additional complexity and effort. The new approach simplifies this 
process by ensuring that all types of data are effectively combined from the beginning. Addi-
tionally, the technique also focuses on identifying characteristics that are consistent across all 
types of data. It recognizes that each type of data may have unique features or nuances, such 
as specific traits related to the speaker’s tone or style, which might not directly connect with 
other types of data. Understanding these consistent features enhances the overall analysis by 
providing a more complete and accurate representation of the combined data. 

(8)Xa
j
= XMFCC

i
⊕ XMFCCdelta

i
⊕ XMel

i
⊕ XMeldelta

i
⊕ X

Spec

i

(9)Xa =
1

Wt

(

∑M

j=1
Xa

j

)

∈ RWa
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The MultiModality-Unchanged-Precise Representation is done at two levels firstly the 
Assertion Level Representation (ALR) and secondly the Multimodality Unchanged-Precise 
Representations as shown in Algorithm 1:

Algorithm 1   Proposed Multimodality Unchanged-Precise Representation (MUR)

Input: Set of modalities m {i, t, s}

Output: Six modality vectors in common subspace 

1. Begin

2. for each m {i, t, s}
3. map assertion sequence
4. to vector 
5. The final BiLSTM (Long Shirt Term Memory) representation 

using hidden dense layer for Assertion level is given by:
6. )
7. for each m {i, t, s}
8. map assertion sequence
9. to hidden modality unchanged vector
10.
11. for each m {i, t, s}
12. map assertion sequence
13. to hidden modality precise vector
14.
15. The final multimodality unchanged-precise representations 
16. using Encoding Decoding functions are given by
17. , 
18. for each modality m {i, t, s}
19. generate six hidden vectors
20. using neural network
21. here shares among all three modalities
22. also assigns parameter to all three modalities
23. End

Explanation of the algorithm:  In step 1 Consider each video data which can be divided 
into constituent Assertions (i.e. unit of speech bound with breaths and pauses) which in 
turn are small videos itself.

In step 2 Let “A” be represented as the Assertion which constitute three low level fea-
tures such as Image (i), Text (t) and Speech (s) modalities. These low level features are 
represented as Ai∈ RLi×Di,At∈ RLt×Dt,As∈ RLs×Ds . Here Lm denotes the length of assertion 
for the tokens in Feature Dimension Dm for modality “m”.

The primary task involved here is to predict the number of Assertions from the sequence 
Am ∈ {i, t, s} taken from either a predefined category C with x ∈ RC or from the Continu-
ous Intensity Variable x ∈ R.
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Firstly Assertion level representation is done by BiLSTM (Long Shirt Term Memory) hidden 
dense layer using am = sLSTM(Am;�

lstm
m

 . And secondly Modality Unchanged-Precise Represen-
tations are done using Factorized Learning which is a key feature of Domain Separation Network 
(i.e. a variant of differential Deep Neural Network). Algorithm 1 represents modalities in two 
subspaces i.e. Modality-Unchanged given by hc

m
= Rdh and Modality-Precise given by hpm = Rdh . 

3.3 � Deep hybrid fusion

In order to fuse the hidden vectors represented in the subspace using Modality Unchanged-
Precise Representation, a unique fusion algorithm known as "Deep Hybrid Fusion" Algo-
rithm is introduced as shown in Algorithm 2. The attention-based transformation method 
using Softmax suppression is a powerful tool in the proposed deep hybrid fusion strategy 
for combining text, image, and speech modalities represented in subspace.

The Softmax function is used in this technique to filter out extraneous or distracting informa-
tion while focusing attention on specific traits or components of each modality. The outcome is 
a more trustworthy and accurate representation of the combined modalities, which may then be 
used for a number of downstream tasks like object recognition, speech recognition, and text cat-
egorization. The Softmax suppression helps to increase the discriminative power of the fusion 
of features by reducing the influence of irrelevant information. Overall, this approach provides 
a helpful way to combine many modalities to improve performance in a variety of applications.

Algorithm 2   Proposed Deep Hybrid Fusion

Input: Six modality vectors in common subspace 

Output: Fusion output vector 

1. Begin

2. Initialize input vector as Matrix M=

3. and set Q = K = V = M

4. Apply Attention Based Transformer - Softmax suppression
5. to generate output
6.
7. Attention for ith head is given by:
8.
9. here,
10. - Concatenation and ,
11. Using transformer output concatenate to get joint vector
12.
13. Finally Task prediction: 
14. End
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Explanation of algorithm 2:  After representing the modalities in two subspaces they are 
fused using joint vector for final prediction of modalities using Algorithm 2 i.e. DHF algo-
rithm as shown in step 1. The six hidden vectors are fused using Attention based Transfor-
mation technique using Softmax suppression as shown in Eq. (10).

where, Q, K, and V are the query, key, and value matrices. The Attention based Trans-
former computes these kind of similar parallel attention transformers, where each attention 
output is called a head. The ith head is computed as shown in Eq. (11):

Here, Wq∕k∕v

i
�Rdh×dh are head-precise parameters that project the matrices linearly in to 

sub spaces.

3.4 � Representation of loss function

The regularization of loss is performed by calculating the loss function of Modality Learning 
and Representation in subspaces done by MUR Algorithm as shown in Eq. (12):

Here Ltask, Lsim,, Ldiff, Lrecon denote loss functions.
Regularization of loss function L, is carried is determined by interaction weights α, β,. 

To achieve the desired subspace representation each of the loss function are responsible. 
Now let’s see the different loss function listed above:

•	 Ltask: The quality of training is depicted by calculation Task Loss function.
•	 Lsim: Cross Modality Discrepancy for Modality Unchanged-Precise Representations 

are calculated using is calculated Similarity Loss.
•	 Ldiff: Difference Loss ensures that the Modality Unchanged-Precise Representations 

capture different aspects of the input.
•	 Lrecon: Reconstruction Loss ensures the hidden representations capture the details of 

their respective modality.

4 � Evaluation results

Here totally three datasets are considered for result evaluation. The descriptions of datasets 
are given in Table 1 below:

•	 IEMOCAP

The Interactive Emotional Dyadic Motion Capture (IEMOCAP) is a multimodal and 
multi speaker database collected at SAIL lab at USC. This dataset consists of 10,000 vid-
eos annotated with multiple categorical labels such as anger, happy, frustrated, sad etc. 

(10)Attention(Q,K,V) = softmax((QKt)∕(
√

dh))

(11)headi = Attention(QW
q

i
,KWK

i
,VWV

i
)

(12)L = Ltask + aLsim + �Ldif f + �Lrecon



14178	 Multimedia Tools and Applications (2025) 84:14167–14185

In the proposed work this dataset is considered for feature extraction of videos into Text, 
Image, and Speech and represent them in sub space for modality learning.

•	 CMU-MOSI

This is one of the top datasets which consist of YouTube monologues with different 
expression of speakers on variety of topics. It has totally 95 videos with 95 distant speak-
ers. It consists of 2199 Assertion-Videos (i.e. short videos) which is taken as input to the 
for Multimedia Feature extraction. The sample of the dataset is given in Figs. 2, 3 and 4 
below.

•	 CMU-MOSEI

This is again an extension to CMU-MOSI dataset with 23500 manually annotated Asser-
tion-Videos from 2338 videos with 1000 distant speakers on more than 260 topics. After 

Table 1   Distribution of 
Benchmark Datasets

Datasets Name Videos Features

D1 IEMOCAP 10,000 Text, Image, Speech
D2 CMU-MOSI 2199 Text, Image, Speech
D3 CMU-MOESI 23500 Text, Image, Speech

Fig. 2   CMU-MOSI dataset with different human expressions
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feature extraction, we train the modal for modality representation using MUR Algorithm 
and finally fuse them using DHF algorithm for task prediction i.e. Humour detection. Here 
we calculated seven class sentiments.

4.1 � Multimedia video analytics with humour detection

Multimodal Video Analytics with Humour Detection for seven classes (i.e. Anger, Disgust, 
Frustrated, Joyful, Neutral, Surprise and Contempt) is considered as one of the crucial or 
application part of the research work. The sentiment scores lie in the range (-3, 3) which 

Fig. 3   Gaze directions of CMU-MOSI dataset

Fig. 4   Camera angles with 0°,45°, 90°,135° and 180o

Table 2   Performance of proposed DHF algorithm with IEMOCAP dataset

Models Precision Recall F-Measure 7 class Accuracy

MFN Algorithm 89.20 85.70 85.60 86.83
TFN Algorithm 87.30 88.60 89.20 88.37
MRN Algorithm 90.00 89.20 93.70 90.97
MRMF Algorithm 93.00 83.50 95.50 90.67
MV-LSTM Algorithm 92.40 90.60 94.30 92.43
Proposed DHF Algorithm 96.70 96.50 95.40 96.20



14180	 Multimedia Tools and Applications (2025) 84:14167–14185

Table 3   Performance of proposed DHF algorithm with CMU-MOSI dataset

Models Precision Recall F-Measure 7 class Accuracy

MFN Algorithm 87.20 83.40 82.00 84.20
TFN Algorithm 88.40 84.30 80.30 84.33
MRN Algorithm 89.30 83.40 87.90 86.87
MRMF Algorithm 85.30 89.30 86.90 87.17
MV-LSTM Algorithm 90.60 88.50 89.70 89.60
Proposed DHF Algorithm 95.60 94.30 97.50 95.80

Table 4   Performance of proposed DHF algorithm with CMU-MOSEI dataset

Models Precision Recall F-Measure 7 Class Accuracy

MFN Algorithm 88.40 86.50 75.40 83.43
TFN Algorithm 88.90 80.00 79.30 82.73
MRN Algorithm 88.50 82.30 85.60 85.47
MRMF Algorithm 92.30 82.40 95.50 90.07
MV-LSTM Algorithm 89.60 92.30 86.50 89.47
Proposed DHF Algorithm 98.70 95.30 92.60 95.53

Fig. 5   Accuracy comparison of baseline models against proposed DHF algorithm
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lie between Joyful (3), Surprise (2), Contempt (1), Anger (-3), Disgust (-2), Frustrated 
(-1) and Neutral (0) sentiments. There are basically three features considered here they are 
Image, Text and Speech.

A detailed comparative study is performed with proposed algorithm against different 
baseline model as listed below:

Fig. 6    Visualization of Modality Unchanged Representaion for CMU-MOSI dataset

Fig. 7   Visualization of Modality Precise Representation for CMU-MOSI dataset
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•	 Memory Fusion Network [MFN] and Tensor Fusion Network [TFN] – Used for Tem-
poral and special data analysis.

•	 Multi-attention Recurrent Network [MRN] and Multimodal Language Analysis with Recur-
rent Multistage Fusion [MRMF] – Type of Recurrent Neural Network with fusion technique.

•	 Multi-View Long Short Term Memory [MV-LSTM] – Hierarchical Fusion Analysis 
algorithm.

The evaluation metrics used for Multimedia Video Analytics with Humour Detection 
are Precision, Recall, F-Measure and Accuracy. Tables  2, 3 and 4 provide the overview 
of overall accuracy of baseline models against proposed DHF algorithm by considering 
IEMOCAP, CMU-MOSI and CMU-MOSEI Datasets.

Also Fig. 5 represents the overall accuracy of all the baseline models used for analysis 
against the proposed DHF algorithm which outperforms to provide best accuracy of 95.84%.

The Modality Representation done using proposed “MUR Algorithm” for the bench-
mark dataset CMU-MOSI as given in Figs. 6 and 7 using tSNE Projections. This figure 

Fig. 8   Visualization of modality unchanged-precise representaion in subspace

Fig. 9   Loss function for CMU-MOSI dataset and CMU-MOSEI dataset
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depicts all the hidden vectors generated using the feed forward neural network for text, 
image and speech features.

Figure 8 depicts the representation of six hidden vectors in common subspace as Modality 
Unchanges-Precise Representaion using MUR Algorithm.

Here the rows of matrix represent Queries and Column Value represents Keys. Hence 
the input feature vector {hp
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Figure  9 depicts the trend analysis of Loss function of CMU-MOSI and CMU-MOSEI 
Datasets during training. The overall loss in Training (Red line) and Validation.

5 � Conclusion and future scope

This research introduced a novel framework for Multimedia Video Analytics, leveraging 
advanced techniques such as Deep Hybrid fusion Algorithm to significantly enhance the 
analysis of complex video data. The value of this work was evident in its innovative three-
pronged approach, which included Video Feature Extraction, Modality Representation, 
and Fusion, each contributing uniquely to the accuracy and depth of humor detection. The 
Enhanced-BERT model was utilized for textual analysis, Multinet-101 for image feature 
extraction, and the Librosa Library for speech processing. This combination ensured that 
critical information from text, images, and audio was captured with high precision, address-
ing the multifaceted nature of humor effectively. A notable contribution was the "Modality 
Unchanged Precise Representation Learning" strategy within the Modality Representation 
module. This technique successfully reduced modality gaps and integrated modality-spe-
cific characteristics, allowing the system to achieve a more comprehensive understanding 
of humor. The approach of learning shared and private representations within a subspace 
enhanced the framework’s ability to recognize subtle and context-dependent humor nuances. 
After representing the modalities in the subspace a novel fusion algorithm called “Deep 
Hybrid Fusion” is introduced to fuse the hidden vectors represented in the subspace using 
attention-based transformation method using Softmax suppression. Later to gain knowledge 
about these subspaces, a mixture of various types of droppings or loss functions are intro-
duced which includes orthogonal loss, reconstruction loss, and distributional similarity loss. 
In comparison with previous works it is observed that Domain Separation Network learns 
factorized representations across different instances, whereas proposed model learns the 
depictions for modalities within inputs. Proposed approach was compared baseline mod-
els by considering IEMOCAP, CMU-MOSI and CMU-MOSEI Datasets which gave best 
accuracy of 95.85%. Supplementary orthogonal losses across private representations are 
included by stating that, using both the modality representations aids the fusion by provid-
ing a wholesome view of the data. In future, the proposed work can be extended for better 
modality representations and loss function regularization techniques to improve accuracy.
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