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Abstract The enormous number of videos posted every-
day on multimedia websites such as Facebook and YouTube
makes the Internet an infinite source of information. Col-
lecting and processing such information, however, is a very
challenging task as it involves dealing with a huge amount
of information that is changing at a very high speed. To this
end, we leverage on the processing speed of extreme learning
machine and graphics processing unit to overcome the limita-
tions of standard learning algorithms and central processing
unit (CPU) and, hence, perform real-time multimodal senti-
ment analysis, i.e., harvesting sentiments from web videos
by taking into account audio, visual and textual modalities as
sources of the information. For the sentiment classification,
we leveraged on sentic memes, i.e., basic units of sentiment
whose combination can potentially describe the full range of
emotional experiences that are rooted in any of us, including
different degrees of polarity. We used both feature and deci-
sion level fusion methods to fuse the information extracted
from the different modalities. Using the sentiment annotated
dataset generated fromYouTube video reviews, our proposed
multimodal system is shown to achieve an accuracy of 78%.
In term of processing speed, our method shows improve-
ments of several orders of magnitude for feature extraction
compared to CPU-based counterparts.
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1 Introduction

Sentiment analysis is the task of automatically classifying the
polarity (positive or negative) of a given text at the document,
phrase or sentence levels. The field of sentiment classifica-
tion has recently become an attractive research direction due
to a large number of real-world applications which require
identifying human opinions for better decision-making.Most
of the recent works on sentiment analysis are based on nat-
ural language processing techniques in which the detection
of emotions is conducted from humanly created textual data
and resources including lexicons or large annotated datasets
[27]. With the rapid growth of social media websites such as
Facebook and YouTube, people are expressing their opinions
in various forms which include videos, images, and audios.
Compared to the textual data, these resources might provide
more valuable information through richer channels such as
the tones of speakers and facial expressions. As a result,
the necessity of analyzing and understanding on-line gen-
erated data from multimodal cues has arisen in recent years
[20,21].

Collecting and processing such information, however, are
very challenging tasks as they involve in dealing with a
huge amount of information that is changing at a very high
speed. Recently, general purposeGPUs have become popular
computing devices owing to their massively parallel pro-
cessing architectures which are successfully used as efficient
accelerators to leverage the performance of big data ana-
lytics [24]. Extreme learning machine (ELM) [10] has also
become an efficient technique for data mining tasks. ELMs
are feed-forward neural networks (SLFNs) for classification
or regression with a single-hidden layer which randomly
chooses hidden nodes and analytically determines the output
weights of SLFNs. The advantages of ELMs are fast learning
speed and ease of implementation [13,29]. Inspired by those
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Table 7 Comparison of classifiers

Classifiers Recall (%) Training time

SVM 77.03 2.7min

ELM 77.10 25s

ANN 57.81 2.9min

artificial neural networks (ANN), and extreme machine
learning (ELM). The results in Table 7 show that ELM out-
performs ANN by 25% in in term of recall. However, there
is only a slight difference in accuracy obtained by ELM and
SVM.

6.4.2 Training time

In term of training time, ELM outperformed SVM and ANN
by a large margin. As our goal is to develop a real-time
multimodal sentiment analysis engine, we prefer ELM as
a classifier because it helps to provide the best performance
in terms of both accuracy and training time.

7 Conclusion

In this paper, we have developed an ensemble application of
ELM and GPU for real-time multimodal sentiment analysis
that leverages on the power of sentic memes (basic inputs
of sentiments that can generate most human emotions). This
work includes sets of relevant features for text and audio–
visual data, as well as a simple technique for fusing the
features extracted from different modalities. Our method
employs various GPU-friendly techniques to enhance the
performance of the feature extraction process from differ-
ent modalities. In addition, powerful ELM classifiers are
applied to build the sentiment analysis model based on the
extracted features. In particular, our textual sentiment anal-
ysis module has been enriched by sentic-computing-based
features, which have offered significant improvement in the
performance of our textual sentiment analysis system. Visual
features also play key role to outperform the state of the art.

As discussed in the literature, gaze and smile based facial
expression features are usually found to be very useful for
sentiment classification task. Our future research aims to
incorporate gaze and smile features, in facial expressions
based sentiment classification. We will also focus on the
use of audio modality for the multimodal sentiment anal-
ysis task. Furthermore, we will make an effort to include
a culture and language independent multimodal sentiment
classification framework. We will also try to employ other
unsupervised, semi-supervised learning algorithms for mul-
timodal sentiment classification.
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