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Abstract- Hidden sentiments like sarcasm, irony, 

satire usually convey an opposite sentiment in plain text 

than the sentiment actually being expressed. Failure in 

the detection of hidden sentiments results into reduced 

performance of sentiment analysis system. A hidden 

sentiment can be detected using context and other 

modes of input like images, audio or video along with 

plain text. A context aware multimodal scheme to detect 

hidden sentiments to improve performance of sentiment 

analysis has been proposed. 
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mining, sarcasm, irony, satire 

 

I. INTRODUCTION 

 
Today internet is rife with opinions expressed in 
forums, blogs, social networking sites, product and 
movie review sites. The opinions are not only in the 
form of text but also in the form of audios, images 
and videos. Emergence of internet as a new and 
powerful source of opinions is the motivation 
behind the study of opinion mining. The newly 
available source of information is huge and is being 
updated everyday. The data is in multiple forms- 
text, audio, video, images and is unstructured. 
Processing this data and extracting meaningful 
information from it is beyond human power. Thus 
the process needs to be automated. This is where the 
field of Sentiment Analysis (SA) and Opinion 
Mining (OM) comes into picture. Companies use 
sentiment analysis on product review and social 
networking sites to get feedback about their 
products. Sentiment Analysis has been also proved 
useful for detecting a child‟s interest in the lecture, 
to detect personality traits [1] and leadership traits 
[2]. Sentiment Analysis can also be used in gaming 
and for the treatment of psychological disorders.  

The field is not only limited to the data available on 
internet but can also be applied to any mode of 
input which expresses sentiments or opinions. 
Sentiment Analysis or Opinion Mining refers to the 
process of automatically detecting sentiments, 
emotions, opinions, and views from any form of 
expression – text, facial expressions, body language, 
posture, brain image mappings etc. Though 
Sentiment Analysis is mainly considered as a sub 
branch of Natural Language Processing, SA is also 

being used to detect sentiments from non-textual 
inputs. Multimodal Sentiment Analysis is an 
emerging field of research which combines two or 
more input modes.  The general block diagram of a 
multimodal sentiment analysis system is as follows-  

 

Fig. 1 General Block Diagram of Sentiment Analysis System 

II. LITERATURE SURVEY 

 

Datasets available for training and testing 

sentiment analysis models and the algorithms used 

in sentiment analysis are mainly reviewed.  

 

Baveye et. al. have presented a video database 

LIRIS-ACCEDE consisting of 9800 video excerpts 

with affective annotations. The dataset was 

originally presented in [3] and is described in [4]. 

This dataset is publicly available and it is a useful 

resource for sentiment analysis from videos. Four 

experimental protocols and a baseline for 

prediction of emotions using audio and visual 

features is also provided along with video clips.  

  

 Rosas et. al. [5] have implemented a multimodal 

sentiment analysis scheme and compared results 

from single input mode, combinations of two input 

modes, and the combination of all the considered 
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input modes. In this paper authors have proved that 

performance of sentiment analysis increases when 

more than one input mode is used rather than using 

a single input mode. 105 online Spanish videos are 

used.  The videos are collected from Youtube using 

search terms like „my opinion‟, „my favorite 

products‟, „I like‟, „I dislike‟ etc. Videos collected 

were converted into mp4 format. Length of videos 

varies between 2 to 8 minutes.  These videos were 

preprocessed to overcome two issues- cut the 

introductory title and maintain the same subject of 

discussion in a clip. Videos contain text, images 

and audio together thus they make an ideal input 

for multimodal sentiment analysis system.  

 

Tepperman et. al. [6] have presented experiments 

for the recognition of the sarcasm from prosodic, 

spectral and contextual cues.  Highest accuracy - 

87% is achieved when contextual and spectral 

features are used together. Pang et. al. [7] has 

compared three standard text classification 

algorithms – Naïve Bayes (NB), Maximum 

Entropy (ME) and Support Vector Machine (SVM) 

in their pioneering work [5] in the field of SA.  Out 

of which Naïve Bayes and Maximum Entropy are 

probabilistic classifiers and Support Vector 

Machine is a linear classifier.  Following are some 

important conclusions of their work.  – Sentiment 

Classification is difficult than topic based 

classification. Considering only feature presence 

and not feature frequency yields better performance 

in sentiment classification. This is in contrast with 

topic-based classification where feature frequency 

is more important than feature presence. Only 

Bigrams are not effective to capture the context. 

Applying direct feature selection algorithm on 

unigrams performs better than using adjective 

words. Algorithms perform slightly well when term 

position information is considered. Weichselbraun 

et. al [8] has proposed a context sensitive polarity 

detection system for ambiguous terms polarity 

detection. First, ambiguous terms i.e. the terms 

with equal degree of occurrence in positive as well 

as negative documents are detected. Co-occurring 

terms are used as context to detect polarity of 

ambiguous term more accurately. 

Mass et. al. [9] have proposed a scheme to learn 

word vectors for sentiment analysis. Melville et. al. 

[10]  have combined lexical knowledge with text 

classification for sentiment analysis of blogs. 

 
III. PROPOSED WORK 

Hidden sentiments are the sentiments which are not 
stated in the text in a straight forward way. If a 
system fails to detect hidden sentiment the accuracy 
of sentiment classification is reduced. There are two 
ways in which a human percepts hidden sentiments- 
by nonverbal cues and by context. The same cues 
can be used for sentiment analysis to detect hidden 
emotions. A context sensitive multimodal scheme is 

proposed to improve performance of sentiment 
classification by detecting hidden sentiments. 

Scope of this project has been limited to English 
language. In spite of this limitation the system is 
expected to be portable to other languages. This 
assumption is based on the fact that similar system 
have been designed to work on Spanish videos [1] 
has been proved to be portable to English language. 
For more number of inputs more time is required to 
preprocess the input. Also the complexity of 
decision fusion increases. Considering the time 
constraint the scope has been limited to two input 
modes. Context will be used as an additional cue 
other than these two input modes.  Online videos 
will be used as the input to the system. be limited 
due to time required for preprocessing of the videos.    

Following diagram depicts workflow of the 
proposed scheme- 

                     Fig 3.1 Workflow of Proposed Scheme 
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The proposed system has following distinguishing 
features from the other systems confronted during 
the survey- Combined use of context and 
multimodal input, Focus on detecting hidden 
sentiments. 

LIRIS-ACCEDE are a video dataset containing 

9800 video excerpts.  The dataset is annotated with 

valence (positive or negative) and arousal (active or 

passive) rankings. The video clips are taken from 

160 movies under 9 representative genres. LIRIS-

ACCEDE dataset will be used for training and 

testing the sentiment analysis model for sarcasm 

detection. The dataset will be relabeled into two 

categories –„plain sentiment‟ and „hidden 

sentiment.‟ The label „hidden sentiment‟ will be 

given when the annotator percepts the video to be 

expressing sarcasm, irony or satire. 

 
The videos will be transcribed either manually 
using Transcriber software or automatically using 
technologies such as crowd sourcing, Google Voice 
or Adobe translator. Video frames will be sampled 
at suitable rate for each video clip. 

The transcription of each video will be used as a 
bag of words. Vocabulary will be created 
containing all the words in all the video 
transcriptions including stop words. Rosas et. al. 
[5] has used unigrams as text features along with 
visual features with SVM to achieve 75% accuracy.  

Visual features will be automatically extracted 
using commercial software OKAO vision. The 
main features extracted using this software are 
smile intensity (1-100) and eye-gaze direction. For 
each frame these features will be extracted. For 
each video clip average of features from all frames 
sampled from that clip will be used as features.  

Text and video features will be concatenated to 
form a combined feature vector. Each feature 
vector will represent a video clip and labeled as 
„plain sentiment video‟ or „hidden sentiment 
video‟. This data will be divided into training set 
and testing set. SVM classifier with linear kernel 
will be used. 

The performance of the system will be measured 
based on the following parameters – Accuracy, F-
measure. The part of algorithm in [5] which uses 
text-visual features will be used as the baseline. 

 

IV. EXPECTED RESULTS 

The baseline algorithm used [5] provides 75% 
accuracy when text-visual features are used 
together. This algorithm categorizes videos in three 
groups –positive, negative and neutral. Additional 
features representing mismatch between polarity 
prediction from text-only features and polarity 
prediction from visual features will be used. The 
videos will be categorized into „No hidden 
Sentiment‟ and „Hidden sentiment‟ categories.  

Performance will be measured based on following 
parameters- Reduction in false positive predictions 
as compared to baseline, reduction in false negative 
prediction as compared to baseline, overall accuracy 
improvement as compared to baseline, F-measure.  

 

V. CONCLUSION 

The baseline algorithm [5] with text and visual 
features gives accuracy of 75%. Expression of 
hidden sentiments usually contains some 
mismatches. E.g. different parts of the same 
sentence have different polarities.  Degree of 
mismatch among the polarities predicted using only 
text features and only visual features can prove as 
an important feature to detect hidden sentiments. 
This features when appended to existing feature set 
can improve the accuracy.  A multimodal sentiment 
analysis scheme to detect hidden sentiments to 
improve performance of sentiment classification has 
been proposed. 
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