
An Ensemble Approach to Utterance Level 
Multimodal Sentiment Analysis 

 

Mahesh G. Huddar 
Dept. of Computer Science and Engineering  

Hirasugar Institute of Technology, Nidasoshi, 
Belagavi 

Karnataka, India 
mailtomgh1@gmail.com  

 

Dr. Sanjeev S. Sannakki 
Dept. of Computer Science and Engineering 

Gogte Institute of Technology,  
Belagavi 

Karnataka, India 

sannakkisanjeev@gmail.com 

Dr. Vijay S. Rajpurohit 
Dept. of Computer Science and Engineering 

Gogte Institute of Technology,  
Belagavi 

Karnataka, India 

vijaysr2k@yahoo.com

 
Abstract - The primary objective of sentiment analysis system 
is to automatically discover and analyze people’s attitude, 
opinion, or position towards a product, a topic, a person or an 
entity. A huge amount of multimedia content is being posted on 
social websites such as YouTube, Flicker, and Twitter on every 
day. To cope up with such multimedia data, there is a need for 
state-of-the-art multimodal sentiment analysis framework that 
can extract information from multimodal data. The purpose of 
this research work is to improve the accuracy of sentiment 
prediction by analyzing the textual features along with facial 
expressions. We examine what people say and their facial 
expressions when they are saying it. Bag-of-words 
representation is used to create textual features. Facial 
expressions and audio features were extracted using open 
source tools such as OpenFace and OpenSmile respectively. 
Unimodal, bimodal, trimodal and ensemble approaches were 
used for classification. Our results demonstrate proposed 
ensemble approach outperforms other base models. 
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I. INTRODUCTION 
Automatic sentiment analysis is a process of uncovering 
one’s opinion about a topic or entity [1]. Extracting people’s 

opinion towards a certain topic, entity or person has many 
applications. For example, Political parties are interested in 
knowing the opinion of voters to gauge the voting intensities 
[2]. Companies are interested in understanding the 
customer’s opinion regarding their product or brand [3]. 
With the emergence of social and World Wide Web 
(WWW), individuals started expressing their opinion, 
position or attitude towards a topic or entity through these 
media. This leads to the humongous and rich amount of data 
set for sentiment analysis and the development of techniques 
for automatic sentiment analysis [4]. Initially, sentiment 
analysis is restricted to text based analysis and only recently 
sentiment analysis and emotion detection from other 
modalities such as audio, video and image, begun 
considered. The user-generated data available on social 
media, containing people’s position or opinion, is noisy and 

unstructured in nature. Also, posts with ambiguous, irony or 
negation phrases with implicit meaning add new challenges 

to automatic sentiment analysis system [5]. Text based 
sentiment analysis is a well-researched topic which has a lot 
of applications in various domains such as stock market 
performance prediction [6], election outcome prediction [7], 
movie box office performance prediction [8].   
In the remainder of this paper, we discuss related work in 
section 2. Section 3 describes the dataset and feature 
extraction from the dataset. Proposed multimodal sentiment 
analysis methodology is discussed in Section 4. Proposed 
ensemble approach is discussed in section 5. Finally, results 
obtained from base classifiers, traditional ensemble 
approaches, and proposed ensemble approach are discussed 
in section 5 and conclude in section 6. 

II. LITARATURE REVIEW 
Initially, sentiment analysis started as an alternative to topic 
detection and tracking. Back in early 2000, numerous works 
were carried to address the problem of sentiment analysis 
from textual data. The influential review [4] in 2008 
increases the interest among researchers in this field, and 
subsequently, new methods, approaches, and applications 
have been developed in recent research [9]. Significant 
studies have been carried out to detect positive, negative, or 
neutral sentiment associated with words [10], multi-words 
[11], phrases [12], sentences [13], and documents [14]. 
Today we can witness a shift from textual social web to 
multimodal social web. For example, users post their 
opinion, position or attitude in the form of images on 
Instagram, flicker, Twitter along with a textual tag and post 
spoken and video reviews on YouTube. Currently, research 
in multimodal sentiment analysis focuses on analyzing 
sentiment from images and the tag associated with images 
that are Visual sentiment analysis [15] and Sentiment 
analysis from audio-visual content [16] [17] [18]. Recently 
many researchers have attempted to discover the opinion 
expressed in the social web from multimodal content, 
including textual, audio and visual information. Usually, 
multimodal fusion is performed either at feature level (early 
fusion) or at decision level (late fusion). In feature level 
fusion multimodal features such as textual features and 
audio-visual features are concatenated at the input level and 

145978-1-5386-7709-4/18/$31.00 c©2018 IEEE



the final classification is performed on combined features 
[19]. In decision level fusion, each of the multimodal 
features is individually classified and the results of each 
classifier are fused to get the final result [20] [21]. Numerous 
studies demonstrated that speech analysis can be used for 
sentiment analysis [22] [23]. There are several surveys on 
textual [24] and multimodal [25] sentiment analysis. 
Researchers have used different approaches to address the 
problem of multimodal sentiment analysis. 

III. DATA SET AND FEATURE EXTRACTION 
CMU-MOSI “Multimodal Opinion Sentiment Intensity” 

dataset is used in this work [18]. This is a sentiment 
annotated English movie reviews dataset which is collected 
from YouTube. There are 93 distinct speakers in CMU-
MOSI with 2199 opinion utterances. Open source software 
OpenFace [26] toolkit is used to extract facial expressions 
such as smile intensity, the distance between eyes, nose 
position, head poses, head shake, frown and gaze direction. 
OpenSMILE [27] open source software was used to extract 
acoustic low-level descriptors (LLD). It includes voice 
quality, prosodic and Mel Frequency Cepstral Coefficients 
(MFCC). A total of 991 features were extracted using the 
OpenSmile software. Using subset selection technique 52 
features were selected such as intensity, loudness, MFCC, 
LSP frequency, PCM, PCM intensity, PCM loudness, and 
voice probability. Then the mean and standard deviation 
were calculated which makes a vector of 104 audio features 
for our experimental analysis. For textual analysis, it was 
transcribed using automatic speech recognition software. TF-
IDF textual features were extracted from the textual content. 

 

IV. IMPLEMENTATION 
MOSI dataset consists of 2199 opinion utterances. Among 
these 1751 utterances were selected for training the 
classification models. 458 were used for testing the 
classification models. Following are the steps followed in the 
implementation of multimodal sentiment analysis. 

Step 1. In the first step videos reviews were segmented into 
opinion level utterances. The average length of 
utterance in 4.2 seconds and on average consists of 
12 words. 

Step 2. Feature Extraction for MOSI dataset. 

a. Textual feature extraction  

b. Feature extraction from audio using the 
OpenSmile toolkit. 

c. Feature extraction from video using the 
OpenFace toolkit. 

Step 3. Features were normalized using min-max 
transformations. 

Step 4. Subset selection method is applied to select features 
from audio and video. 

Step 5. Multimodal feature vector is prepared by 
concatenating unimodal feature vectors (feature 
level fusion). 

Step 6. Dataset is divided into training dataset (consisting 
of 1751 utterances) and testing dataset (consisting 
of 458 utterances). 

Step 7. Sentiment classification based on base classifiers 
for different combinations of modalities such as 
only text, only audio, only video, only text and 
audio, only text and video, only audio and video 
and all three modalities, 

a. Support Vector Machines (SVM) – It is also 
called probabilistic classifier [28]. Training 
time of SVM is slow but it is more accurate 
compared to other models. The parameter 
values of the SVM classifiers are tuned as: C = 
1, gamma = 1 and kernel = linear.  

b. Linear Regression – This is a regression model, 
which can also be used for classification. LR is 
generally used to relate a single categorical 
dependent variable to one or more independent 
variables [29]. The parameter values of the LR 
classifiers are tuned as: C = 0.01, maxiter = 80 

c. Decision tree – Decision tree classifier provides 
a hierarchical decomposition of the training 
dataset space in which a condition on the 
attribute value is used to divide the dataset [30]. 
The parameter values of the RF classifiers are 

tuned as: maxdepth = 30. 

d. K – Nearest Neighbor (KNN) – KNN is very 
popular and easy to implement machine learning 
algorithms for text classification [31]. The main 
objective of K-NN algorithm is to classify data 
into one of the predefined. The parameter values 
of the KNN classifiers are tuned as: nearest 

neighbor=20. 

e. Random forest – Random forest is a form of 
ensemble approach [32]. Random forest is a 
combination of decision tree classifier. The 
parameter values of the RF classifiers are tuned 

as: nestimators = 125, maxdepth = 20. 

Step 8. Next proposed ensemble approach in designed and 
implemented. 

Step 9. Performance of proposed approach is compared 
against traditional ensemble models such as voting, 
averaging and optimal weighted averaging. 

 

The steps in multimodal sentiment analysis are shown in in 
figure 1. 
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Figure 1. Methodology of multimodal sentiment analysis 
 

 
V. PROPOSED ENSEMBLE CLASSFIER 

Proposed algorithm calculates sentiment score and 
sentiment label of the test review. The proposed model was 
trained using the training dataset. The test dataset is used to 
test the model. Each of the base classifier determines the 

sentiment (Positive/Negative) of each review in the test 
dataset. The next step is to calculate the probability of each 

review being positive and negative. After assigning 
classification probability, each classifier in the ensemble 

technique is assigned with a weight based on the accuracy of 
each classifier. Then the positive and negative score of the 
testing review is calculated using sentiment probability and 
the weight assigned to the classifiers. If positive score is 
greater than negative score then testing review assigned 
positive sentiment otherwise negative sentiment. 
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Algorithm – Proposed ensemble algorithm to calculate the 
sentiment score and sentiment of a test review 
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similar review is . 
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Cosine Distance Calculation: “Cosine similarity” measures 

the similarity of a pair of reviews [33]. Cosine similarity can 
be computed by using the following formula:  

where review1 and review2 represent feature vectors. 

VI. EVALUATION AND RESULTS 
The proposed system was tested on the CMU-MOSI dataset. 
Initially, base classifiers were tested for different modalities. 
Results were shown in table 1. Results show that text-audio, 
test-video, and text-audio-video perform better compared to 
other modalities. 
 
Table 1. Comparison of results obtained from base 
classifiers. 
 

Classifier �  
Modality � SVM LR KNN RF DT 

Text 0.727 0.747 0.706 0.654 0.626 
Audio 0.62 0.631 0.62 0.597 0.515 
Video 0.597 0.592 0.64 0.576 0.563 

Text-Audio 0.759 0.761 0.708 0.554 0.572 
Text-Video 0.747 0.772 0.72 0.677 0.633 

Audio-Video 0.62 0.642 0.608 0.588 0.588 
Text-Audio-Video 0.759 0.774 0.729 0.681 0.651 
 
Figure 2 show the comparison of results obtained from base 
classifiers. 
 

 
 

Figure 2. Comparison of base classifier results 
 
Then results of base classifiers are used to obtain results 
from traditional ensemble approach and proposed ensemble 
approach. The results are shown in table 2. The result 

demonstrates that traditional ensemble approaches 
outperform base classifiers. Proposed ensemble approach 
performs better than base classifiers and traditional 
ensemble approaches. 
 
Table 2. Comparison of results obtained from an ensemble 
approach. 
 

Ensemble Approach �  
Modality � Voting Averaging 

Proposed  
Ensemble  
approach 

Text 0.743 0.722 0.753 
Audio 0.638 0.554 0.658 
Video 0.613 0.569 0.641 

Text-Audio 0.761 0.688 0.786 
Text-Video 0.779 0.743 0.781 

Audio-Video 0.663 0.61 0.682 
Text-Audio-Video 0.772 0.749 0.797 

 
 
 

Figure 3 shows the comparison of results obtained from 
traditional and proposed ensemble approaches. 

 
 

 
 

Figure 3. Comparison of base ensemble approach results 

VII. CONCLUSION 
The basic multimodal sentiment analysis approach is to 
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among them. The ensemble based classification approaches 

were being used widely in many areas to solve machine 
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model is formed by di erent base classifiers like Support 
vector machines, Random Forest classifier, Decision trees, 
K Nearest Neighbor, and Logistic Regression. The results 
show that the proposed ensemble approach outperforms 
standalone base classifiers and the traditional ensemble 
classifier. As future work, need to use neural networks based 
approaches which are most likely to perform better than the 
base classifier and traditional ensemble approaches. 
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