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Abstract: Social media development makes it possible for everyone to express their opinions and information through 

text, speech, video, or images. Multiview sentiment analysis in current studies generally combines two modalities, text 

and image. It seeks to classify social media posts into two or more polarities, such as positive, neutral, or negative. To 

improve the performance of multiview Sentiment Analysis, we added another modality, which is concepts derived 

from text and image. Our proposed model integrates three views into a fusion with an ensemble approach by a meta-

classifier. We performed text classification with Deep Convolutional Neural Networks. The input feature is Word2Vec 

for text representation in order to preserve semantic meaning. Additionally, we analyzed concepts from texts with 

SenticNet 5 as a knowledge base model and extracted concepts from images using the DeepSentiBank model. We 

obtained 2089 Adjective Noun Pairs and classified it with Multi-Layer Perceptron. Then we combined predicted 

probabilities from each classifier for Image, Text, and Concept by Ensemble Learning. A meta-classifier was 

implemented to predict the final sentiment from a fusion of Image-Text-Concept features. The fusion for multiview 

sentiment analysis works well and could achieve the best accuracy of 70% by applying the ensemble approach with 

Logistic Regression as the meta-classifier. 

Keywords: Sentiment analysis, Multimedia computation, Fusion model, Ensemble learning, Social media analysis. 

 

 

1. Introduction 

There has been growing public and corporate 

interest of social networking sites over the last few 

years. Social media analysis can be developed for 

many applications, such as health care, finance, 

voting intentions, security and defense, disaster 

response, NLP-based modeling, NLP-based social 

media visualization, entertainment, and media 

monitoring [1]. Studies in social media have been 

developed on various modalities such as text [2-5], 

image [6], video [7], and network graph [8]. 

Unstructured Big Data content is rapidly growing 

in social media [9]. Previously text-based, nowadays, 

social media posts contain images and videos. Aside 

from text, users may also post images to share their 

life experiences as well as their opinions. Since 

Twitter recommended users to post images for better 

social media engagement [10], users have actively 

posted images to accompany text-based posts. In 

2012, there are 400 million tweets per day, which are 

36% of users posted images, which is the largest type 

of multimedia shared [11], and image posted is more 

likely to be retweeted [12]. 

A user on social media can post photos of 

themselves celebrating New Year and caption it with 

their comment regarding their feeling about the 

celebration. The text, as well as facial expressions, 

may indicate their emotion during the celebration[13]. 

Therefore, image and text should be viewed together 

since these two domains complement each other [14].  
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Figure. 1 Example of Image and text tweet 

 

Users also express their sentiment in social media 

posts through emoticons and videos. Sometimes the 

processing of text alone is not enough due to the 

ambiguity of the sentence. Thus the use of images can 

help analyze sentiment.  

Fig. 1 gives an example of two posts where image 

and text are clarified by each other. The top image 

shows three ladies with various expressions in which 

the text in English means “the script creator did not 

think hence causing army name bad in elf eyes”. 

Therefore, we can conclude that it is a negative post. 

The second image also shows football activities, 

which is accompanied by  text that expresses 

negativity “This tactical analysis shows how France 

killed Argentina’s high line structure”. 

Sentiment analysis and affective computing have 

become one of the main areas of research in social 

media [15]. Sentiment analysis includes an analysis 

of the positive or negative tendency of a user towards 

a product, brand, or company, and an analysis of 

social roles, popularity, or values in social networks. 

Sentiment analysis classifies user opinions into two 

binary polarities, which are positive and negative. 

However, Twitter posts also contain emotionless 

posts which needs to be classified as neutral. Other 

analyzes of sentiment are classified into numeric 

rating [16]. Furthermore, given that Twitter posts 

contain an average of 33 characters [17], it is 

challenging to acquire a finer granularity such as 

obtaining a numeric rating. The most common 

method used is supervised learning with different 

types of features. 

Twitter is a popular social media in Indonesia, 

and in 2017 Indonesia is in the top five Twitter users 

in the world [18]. In the same year, more than 143 

million Indonesians use the internet, and 

approximately 90 percent of these people are Twitter, 

Facebook, and Instagram users. Hence, Tweets are 

compact and reliable data for sentiment analysis in 

Indonesian [19]. Not only events and news, but also 

emotional expressions are shown in social media 

posts. This gives researchers an opportunity to 

analyze the behavior of users in Indonesia. Industry 

ancd event organizers also need to analyze public 

opinion. As a result, a variety of studies are carried 

out on predictive sentiment analysis. 

Social Media Analysis in Indonesian and English 

languages face similar challenges, though there are 

differences in their grammatical structure. By 

machine learning, approach in English Sentiment 

Analysis could also be applied for Indonesian, such 

as the use of external knowledge [20]. The need for 

external knowledge is due to Indonesian as a low 

resource language. We also need to address concerns 

in Indonesian social media posts such as entity 

extraction [21], informal language [20], mixed 

language, slang words, inappropriate abbreviations, 

and sarcasm. Classical machine learning methods in 

Sentiment Analysis require the extraction of hand-

crafted features. However, Deep Learning 

approaches perform end-to-end feature 

representation and classification together [22]. There 

are also still opportunities to develop Indonesian 

Image-Text Sentiment Analysis.  

In addition to analyzing text-based user posts, 

image and social networks need to be analyzed in a 

comprehensive study to understand sentiments of 

social media users. Text and images are posted 

together, more than other modalities, so we use text 

and images in this study. Several researchers have 

presented sentiment analysis based on image-text 

multiview features [23]. [24] shown in their paper 

that image and text in social media have a correlation 

and complemented each other, and display emotional 

relevance. Moreover, studies in Indonesian 
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Sentiment Analysis that combine features from 

image and text are rarely seen. In conjunction with 

the image, text in social media posts could express 

the user’s feelings [25]. 

On the other hand, Image Classification usually 

detects objects from an image, such as an image of 

the sky or a dog. However, Image Sentiment Analysis 

should extract adjectives correlated with images 

together with nouns for obtaining sentiment strength. 

Thus, concept which is defined as Adjective Noun 

Pairs could provide semantic representation for 

obtaining better sentiment from an image. A pre-

trained model called DeepSentiBank [26] is used in 

our research, representing the concept features. 

Resources in Indonesian languages for obtaining 

concepts from images is limited. Therefore, we 

proposed an approach that could be adopted in 

Indonesian Sentiment Analysis with English based 

DeepSentiBank. 

Unlike conventional text sentiment analysis that 

uses bag of words with a co-occurence count, we 

need to analyze words based on commonsense 

concepts. Implicit expressions need to be analyzed in 

relation to concepts. Therefore, we use external 

knowledge to enhance text sentiment analysis with 

SenticNet 5 [27]. We use a localized version of 

SenticNet, which was developed especially for the 

English Sentiment Analysis. [28]. 

The main contributions of this work can be 

summarized as follows:  

• A novel framework for detecting sentiment from 

microblog posts by fusion of text, image, and 

concept features. Text posts were classified with 

Convolutional Neural Networks. Concepts from 

the text are extracted with a concept ontology, 

which is SenticNet 5. Moreover, concept was 

extracted from images with DeepSentiBank pre-

trained model, which is a model based on Deep 

Convolutional Neural Networks. 

• Combining classifier results with Stacking Based 

Ensemble Learning to balance each model’s 

performance with a Meta-Classifier. Ensemble 

Learning is believed to yield better performance 

since there is a diversity between models for 

Image, Text, and Concept Fusion [29]. 

• We also created an Indonesian dataset for Image-

Text Sentiment Analysis from Social Media. 

• To the best of our knowledge, we are the first to 

perform multiview sentiment analysis, which 

includes a fusion of image, text, and concept in 

Indonesian. We believe our ensemble model of 

Image-Text-Concept Fusion would advance the 

research of Sentiment Analysis, especially in 

Indonesian. 

The subsequent section reviews the related works 

of Image-Text Sentiment Analysis. Then, the 

Ensemble Learning of image-text-concept fusion 

Sentiment Analysis Framework is presented in 

Section 3. Section 4 provides a description of the 

Image-Text dataset for Indonesian Sentiment 

Analysis. The results of experiments with analysis 

are reported in Section 5. Finally, the last section 

describes the conclusion and future works. 

2. Related works on image-text sentiment 

analysis 

As explained in the previous section, researchers 

have focused on the study of text-based sentiment 

analysis to develop frameworks for predicting 

customer opinion, political elections, measuring 

economic indicators, and so on. In addition to text, 

social media users express their opinions using 

images and videos. Sentiment analysis on large-scale 

textual and visual posts can help to improve on 

obtaining user sentiments toward events or topics. 

2.1 Text-based sentiment analysis 

Several studies have been reported on text 

sentiment analysis using classical machine learning 

methods such as Bayesian Network [30], Multi Layer 

Perceptron [31], and Logistic Regression [32]. 

However, there have been numerous studies that use 

deep learning for sentiment analysis. Particularly 

with Convolutional Neural Networks as in [33] and 

[34], which achieved promising results compared to 

conventional methods. 

Sentiment Analysis for English has used 

Convolutional Neural Networks in a study by [35]. 

Experiments were carried out on four types of CNN. 

The highest accuracy is achieved on the non-static 

CNN model. This model uses Word2Vec as an 

initialization word in vector. 

Further research on deep learning for sentiment 

analysis is done by comparing the Long Short Term 

Memory (LSTM) and Dynamic Convolutional 

Neural Network (DCNN) algorithms with classical 

machine learning, i.e., Gaussian Naive Bayes (NB), 

Support Vector Machine (SVM), and Maximum 

Entropy (ME) in Thai with data obtained from 

Twitter [36]. The results of the experiments presented 

in the paper show that deep learning algorithms are 

superior to classical machine learning with the best 

accuracy rate of 75.35% by the DCNN method.  

Sentiment Analysis features vary from Bag-Of-

Words to concepts. Research in [27] applies named 

entities with concepts as features, which is called 

SenticNet 5. Several studies have been developed 
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with SenticNet 5, such as the creation of 

Commonsense Ontology [37] and the addition of 

SenticNet to LSTM cells [38] for Targeted Aspect 

Based Sentiment Analysis. 

The Indonesian language belongs to the 

Austronesian language family, which is a Western 

Malayo-Polynesian language. It is the national 

language of different ethnic citizens. There is a 

variety of Indonesian languages due to the social 

linguistic environment in this country. Education, 

mass media, government, and religion are using a 

more formal language. On the contrary, informal 

language is used in everyday language and social 

media posts. The existence of abbreviation, foreign 

words, emoji, emoticons, abbreviations in social 

media posts needs special treatment in Sentiment 

Analysis [20]. 

Indonesian and English use Latin-based 

characters. However, the grammatical structure of 

both languages is quite different. Sentiment analysis 

in English takes into account the grammatical 

structure that has been proposed with Tree-structured 

Recursive Neural Networks [14]. Although this 

approach is rarely seen in Indonesian, due to limited 

language resources. 

 Sentiment Analysis research in Indonesian is 

mostly based on classical machine learning methods, 

such as Naive Bayes (NB) [39], Support Vector 

Machine (SVM) [40], Decision Tree [41], and 

Maximum Entropy (ME) [42] which is based on a 

bag-of-words model that does not concern the order 

of a word in a sentence. On the other hand, deep 

learning algorithms take into account the order of 

words in a sentence. However, it is only in the past 

few years that deep learning for Indonesian sentiment 

analysis has begun to be proposed. One of the early 

studies is text-based sentiment analysis with 

Convolutional Neural Networks[20]. Deep Learning 

for Indonesian text needs an adequate amount of data 

and external knowledge to improve the performance 

of the models. Tools and resources are currently 

limited in Indonesian. Some of the external 

knowledge available is translated from English 

resources. 

Studies conducted in Indonesian sentiment 

analysis uses methods of deep neural networks in [4, 

43, 44]. It was found that using a word embedding to 

create a similarity matrix could increase accuracy. 

The results of the deep neural network outperformed 

classical machine learning methods. Moreover, 

syntactic analysis is not performed in this study. We 

used a neural language-based word representation 

approach, whereas a neural language model is formed 

unsupervisedly from a collection of documents. 

2.2 Image-based sentiment analysis 

Studies on Image Sentiment Analysis are 

frequently performed by extracting low-Level 

features to be used on mid-level attributes and by 

detecting facial expression [45]. Linear SVM and 

Logistic Regression are used to perform the Image 

Sentiment Analysis classification process. 

Another study reported by [46] processes Image 

Sentiment Analysis using a YouTube videos dataset 

with content videos of reviews or product 

recommendations. Each video showed an object in 

the form of a person speaking, and the process of 

sentiment analysis is done by processing facial 

characteristic points on the face and results in facial 

features to determine sentiment. 

Recent works use Deep Learning, especially 

Convolutional Neural Networks for image sentiment 

analysis, which uses mid-level features of an image 

together with SentiBank [47], VGG16 [48], and 

DeepSentiBank based predictor [26]. Our study did 

not detect facial expressions or obtain facial features. 

On the contrary, we extract the concepts contained in 

the image due to social media posts images that do 

not always contain a display of the facial image. 

2.3 Fusion of image-text for sentiment analysis 

Recent reports on machine learning techniques of 

combining image and text features for sentiment 

analysis have been published. The authors of the 

paper [49] state that the number of people combining 

texts and images in social media to express their 

opinions is increasing, and therefore multiview-based 

visual sentiment analysis is emerging. In this analysis, 

a mid-level representation called Adjective Noun 

Pronoun is used with the following features: word for 

text, ANP for images, and emoticon symbols. 

A previous study by [50] combined text in 

conjunction with image features using Stacking 

Based Ensemble Learning. The ensemble classifier 

was Random Forest on a publicly available MVSA 

dataset [51] in English. Another approach is 

sentiment analysis on the transportation domain 

described in article [52]. The study in the article uses 

Instagram’s captions, images, and comments. The 

framework uses three supervised learning algorithms, 

which are SVM, RF, and NB classifiers. NB uses the 

Bayes theorem and assume the independence of the 

features. 

One of the deep learning approaches has been 

reported by the authors of the article [13]. They 

propose a cross-modality consistent regression model 

that could combine both the state-of-the-art 

techniques for visual and textual sentiment analysis.  
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Figure. 2 Proposed architecture 

 

First, they fine-tuned a Convolutional Neural 

network for image sentiment analysis. They then 

trained a paragraph vector model for textual 

sentiment analysis and later trained their multi view 

regression model.  

Works have also been done on sentiment analysis 

by ensemble learning in [53] and [54]. Bayesian 

Learning is also implemented in [55]. An approach in 

[46] extracted audio, visual, and writing for multi 

view sentiment analysis. In this study, SenticNet 3.0 

is used as a lexical source containing 30,000 concepts. 

The polarity value for each concept ranges from -1 to 

1. SenticNet includes all of the concepts in WordNet 

Affect. 

The feature merging process used by Poria et al. 

[56] is feature-level fusion and decision level fusion. 

Feature-level fusion combines vector features from 

three modalities to create one long feature vector. 

This method has the advantage of simplicity but still 

produces high accuracy. In addition to feature-level 

fusion, an experiment with decision level fusion was 

also carried out using the results of sentiment 

classification of each modality (sound, image, and 

text) as input and producing a final sentiment label as 

output by using an equal-weighted scheme to 

represent the weight of each modality. The weight of 

each modality is 0.33. 

Our research implements decision level fusion 

with the Stacking based Ensemble. We combine 

Logistic Regression as a meta-classifier together with 

Ensemble Learning, which is also implemented in 

[57] on text classification, and in [58] to predict bug 

within projects. 

3. Ensemble learning for sentiment analysis 

This study is expected to contribute to research on 

sentiment analysis in Indonesian. Sentiment analysis 

in Indonesian is mostly text-based. Nevertheless, 

despite the growth of modalities used in sentiment 

analysis, Deep Learning is rarely seen in Indonesian 

multi view sentiment analysis. Therefore, this study 

aims to propose a method for conducting sentiment 

analysis with image-text-concept features in 

Indonesian. Classification of sentiment polarity is 

usually performed by conventional machine learning. 

However, this work combines Deep Learning 
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techniques and Stacking based Ensemble for 

combining Image, Text, and Concept Features. 

We propose an Ensemble Learning for Sentiment 

Analysis (ELSA) framework of sentiment analysis 

with textual, image, and concept features in 

microblog posts. The text data is processed with Deep 

Convolutional Neural Network and polarity 

calculation is performed with external knowledge. 

The image data is analysed with DeepSentiBank as 

the pre-trained model. Finally, sentiment polarity is 

determined by Ensemble Learning with Meta-

Classifier. An overview of our proposed 

methodology is shown in Fig. 2. 

3.1 Text sentiment analysis with DCNN 

We describe several steps in text-based sentiment 

analysis. The first is preprocessing, which consists of 

two stages, i.e., tokenization and stopword removal. 

Tokenization is extracting words from sentences and 

cleaning characters that are not alphabetical, such as 

question marks, colons, and commas. Tweets also 

contain hashtags, mentions, and URLs thus we 

removed the \#, @, and URL prefix characters. The 

tokenization results were still not clean enough as 

they contain HTML symbols and tags. Hence, we 

removed the noise. Then, we delete insignificant 

words via stopword removal. 

Deep Convolutional Neural Network Algorithm 

is a network model that receives matrix input. In 

image processing, pixel numbers are inputted as 

contents of the matrix. Since text data have no 

numbers, it is necessary to convert the data into 

numbers. 

Our model achieved the best result with five 

layers. The layers are embedding layer, followed by 

convolutional 1d layer, appended by max pooling and 

global max pooling layer. The convolutional 1d layer 

learn with 50 filter size and 3, 4, 5 window size. Then, 

a fully-connected layer is added with a hidden layer 

and a softmax layer at the end. The fully-connected 

layer has independent weights with 50 neurons. Each 

neuron from the fully connected layer is fed as input 

to the Softmax layer. There are three neurons in the 

softmax layer, based on the number of sentiment 

targets in this study. 

Kim [35] presented a study by comparing the 

initialization of numbers used for text data in the 

Convolutional Neural Network method. The 

accuracy when using pre-trained word vectors is 

much higher compared to initialization with random 

numbers. Word vector is used to represent text in 

vectors from learning results with the Neural 

Network algorithm. Each word has a vector that 

represents the meaning of the word. Words with 

similar meanings produce a vector with almost the 

same number. 

Word Embedding is a language modeling 

technique and a feature learning technique in Natural 

Language Processing that maps words or phrases in 

the vocabulary to vectors. Embedding layer is a 

process to give vector values with lengths and 

specific values for each ID of vocabulary words. The 

vector length is one of the training parameters that is 

changed for experimental purposes - or known as 

embedding size. The vector values for each word ID 

in the vocabulary word are obtained from the 

embedding table. The vector for each word ID is 

initialized by a random value. Updates are made on 

the values as the training process progress. Training 

is carried out using a neural network. After training, 

words with similar meanings have vectors whose  

 

 
Figure. 3 CNN architecture for text sentiment analysis 
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values are close to one another. The Deep 

Convolutional Neural Network architecture used in 

this paper in Fig. 3 refers to the architecture derived 

from Kim [35] with additional modifications. If  𝑥𝑖 ∈

 ℝ𝑘 represents 𝑘dimensional Word2Vec based on the 

word 𝑖 in the sentence, the sentence with length 𝑛 is 

written as a function in Eq. (1). 

 

𝑥1:𝑛 = 𝑥1 ⨁ 𝑥2 ⨁ . . . ⨁ 𝑥𝑛       (1) 
 

The ⨁ operator is a merging operator used to 

combine words that have been vectorized into matrix 

forms. The Convolution operation uses a filter 𝑤 ∈

 ℝℎ𝑘 , with the window size ℎ  as the number of 

sequence words processed. The window size used in 

this research is 3, 4, and 5. The 𝑐𝑖 feature is generated 

from the dot product with the input 𝑥𝑖:𝑖+ℎ−1 where ℎ 
is the window size followed by the rectifier linear unit 

activation function. The feature function is written in 

Eq. (2). 

 

𝑐𝑖 = 𝑚𝑎𝑥(0, 𝑤 ∙ 𝑥𝑖:𝑖+ℎ−1)  (2) 

Filters are applied to each word in a sentence 

{𝑥1:ℎ , 𝑥2:ℎ+1 , … , 𝑥𝑛−ℎ+1:𝑛} to produce a feature map 

with c ∈  ℝ𝑛−ℎ+1 . The feature map function is 

written in Eq. (3). 

 

c = [𝑐1, 𝑐2, … , 𝑐𝑛−ℎ+1]            (3) 

In the effort to avoid overfitting, a dropout layer 

is required to randomly select neurons not to be used 

during the training phase. The probability of the 

dropout layer being used is 0.5. The training process 

continues by pooling the feature map. The pooling 

method used is MaxPooling, which is taking the 

maximum value  �̂� = max {𝑐} as a feature based on a 

filter. The purpose of the pooling process is to obtain 

the most essential features that represent other 

features for each feature map. 

During the training phase, an optimizer is 

required to reduce the loss function or errors found in 

neurons and filters by updating neurons and filters in 

each iteration. In this study, Adam optimizer was 

used for Deep Convolutional Neural Network. The 

Adam optimizer algorithm calculates exponential 

averages of gradients and gradient ranks. The 

learning rate parameter of the Adam Optimizer is 

0.001, β1 = 0.9, and β2 = 0.999. 

 

3.2 Sentic based text sentiment analysis 

Text Sentiment Analysis performance could be 

enhanced with the use of external knowledge. In 

Indonesian, there are several types of external 

knowledge, such as noun ontology [59] and 

SenticNet [27]. Nevertheless, to improve the quality 

of text Sentiment Analysis, we use SenticNet which 

is widely used as external knowledge in Sentiment 

Analysis to obtain better semantics and sentiment.  

Detection of concept is done by searching 

concepts in sentences based on a database from 

SenticNet 5. Each word in a sentence is considered to 

be a concept composed by itself by doing the 

tokenization process, i.e., giving an id or token on 

each word. Each concept is entered or checked in the 

SenticNet 5 library. If the concept is found in the 

SenticNet 5 library, then the value of the concept is 

obtained, otherwise the polarity value is 0.  

Each concept value obtained is used to calculate 

the polarity score based on the SenticNet 5 database. 

Fig. 4 contains examples of concepts contained in the 

SenticNet 5. The blue font is given to the polarity 

value for each concept. 

Calculation of polarity is performed on all 

concepts contained in a sentence. The polarity value 

derived from each concept has a range of -1 to +1. -1 

is a concept with very negative sentiment, and +1 is 

a concept with very positive sentiment. The sentence 

polarity value is calculated by summing up each 

polarity value of each concept in a sentence to 

determine the sentiment of the text. If the concept is 

not found in the library, then the value given is 0 for 

the concept. The polarity value is then compared with 

the sentiment label to find the error value for each 

sentence. All sentences that have obtained the 

polarity value are searched for the boundary between 

negative, neutral, and positive.  

The boundary search process is done by 

attempting from the smallest to the largest number, 

and for each experiment, the accuracy value of all 

sentences predicted by SenticNet with the original 

sentiment polarity is analyzed. There are two 

boundary values sought, i.e., negative and neutral 

separators and neutral and positive separators. After 

the boundary values are obtained, all values that are 

below the negative and neutral boundary are made 0. 

Values above the neutral and positive boundary are 

made as a value of 2, and among them are given a 

value of 1. The value represents the sentiment label 

used. Each value is then changed to a 1x3 matrix with 

 

 
Figure. 4 Examples of Concepts that are obtained from 

SenticNet 
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Figure. 5 The result of concept extraction 

 

values in the column given values 1 and 0 in the other 

columns. This value becomes the probability of 

sentiment polarity. The probability result of each 

sentiment is used in the ensemble. 

3.3 Concept extraction for image sentiment 

analysis 

In recent works, concept-level sentiment analysis 

is starting to be applied in obtaining sentiment 

polarity [60]. Concept-level sentiment analysis does 

not only process text but also utilize web-based 

ontologies to extract implicit sentiments from 

concepts. Getting the concept of text-based content is 

usually done by extracting information in the text 

using parsing methods such as [61, 62].  

However, in this research, we try to analyse the 

concept not only from the text but also from the 

contents of the image by using Adjective Noun Pairs. 

Therefore, we do not need grammar parsing. Using 

this pre-trained model, we can obtain some adjective 

noun pairs that describe sentiment of the image rather 

than the text itself. Therefore, concept extraction is 

performed on each image to get the concept contained 

in the image data. The library used to extract the 

concept is DeepSentiBank [26]. The concept 

extraction process is done by processing each image 

in Deep Convolutional Neural Network which has 

been trained in advance as many as 250,000 epochs. 

The model used is made up of 8 layers, which are five 

convolutional layers and three fully connected layers. 

Images entered on the model will be adjusted by 

changing the image size to 256 x 256 x 3 pixels with 

a range of values from pixels 0 to 255 normalized to 

0 to 1. Image data is then processed on each layer up 

to a softmax layer with a size of 2,089, which is used 

to represent each concept. The resulting concept is in 

English, and the data is used in the classification 

process. 

The results obtained from DeepSentiBank are 

concept features on images formed from adjectives 

and nouns that become adjective noun pairs (ANP) to 

represent sentiments at the mid-level such as 

"adorable dog" or "strange food". An example of the 

Adjective Noun Pair is displayed in Fig. 5.  

Chen [26] introduced DeepSentiBank as a Deep 

Convolutional Neural Network model that had been 

trained to obtain ANP based on 2089 concept labels. 

The model has been trained as many as 250,000 

iterations or 77 epochs. 

The data used in the DeepSentiBank training 

model uses image data from the Flickr website. It was 

obtained by searching the appropriate Adjective 

Noun Pair (ANP) and obtained at most 1000 images 

for each ANP tag. The total numbers of obtained 

images are one million from 3316 ANP. Then, the 

image is selected on the condition that it has 120 

images. The total ANP obtained is 2089 with 867,919 

image data after being selected based on having at 

least 120 images. For each ANP, 20 data are taken for 

testing, and the rest is used for training. Each ANP 

have at least 100 image data for training and 20 data 

for testing. 

A total of 2089 Adjective Noun Pairs is used as 

an image feature. The model in our framework is 

displayed in Fig. 6. All of these values are fed into a 

MultiLayer Perceptron with a size of 1000. The 

output of the architecture are three neurons 

representing negative, neutral, and positive as written 

in Eqs. (4) and (5). 

 

ℎ = tanh (𝑥 . 𝑤 + 𝑏)
 
                     (4) 

 

𝑥 is the concept vector from DeepSentiBank, ℎ is 

the hidden layer. 

 

𝑦 = softmax (ℎ . 𝑤 + 𝑏)
 
   (5) 

 

𝑤 is the neuron weight, 𝑏 is the bias. 

 

3.4 Stacking based ensemble learning 

This step combines the features of two modalities 

of image and text that have been previously obtained 

from the classification process. A common approach 

is by decision fusion [63]. Each sentiment probability 

that has been obtained is used as a classification score. 

One of the approaches is by using an equal-weighted 

scheme that provides a probability score for each 

classification score. A calculation is made to produce 

the final label using the rule-based approach in Eq. 

(6). 

 

𝑙′ = 𝑎𝑟𝑔𝑚𝑎𝑥𝑖( 𝑞1𝑠𝑖
𝑖𝑚𝑎𝑔𝑒

+ 𝑞2𝑠𝑖
𝑡𝑒𝑥𝑡 + 𝑞3𝑠𝑖

𝑠𝑒𝑛𝑡𝑖𝑐  )  
(6) 

 

Where 𝑞1 ,  𝑞2  and 𝑞3  are the weights for each 

modality. Weights 𝑞1= 𝑞2 = 𝑞3 = 0.33 or equal for  
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Figure. 6 Concept extraction from the deepsentibank model 

 

each modality. 𝑠𝑖
𝑖𝑚𝑎𝑔𝑒

, 𝑠𝑖
𝑡𝑒𝑥𝑡 , 𝑠𝑖

𝑠𝑒𝑛𝑡𝑖𝑐  are sentiment 

scores of image, text, and sentic value from SenticNet 

5 respectively. 

We also made an effort to find the best weight for 

the fusion with exhaustive search. We searched for a 

probability value from 0% to 100% for each modality. 

The repetition is done as many as 5,151, from the 

percentage of text 0% to 100%, image 0% to 100%, 

and SenticNet from 0% to 100%. The total of the 

three values is 100%. Therefore, if both of the text 

and images have been given a value of 40%, then the 

SenticNet value is given 20% so that the total 

becomes 100%. 

 
Algorithm 1 Algorithm for Ensemble Approach 

Input    : 𝑛: number of training data of  𝐷, 𝑥: text, 𝐼: 

image, 𝑦: target sentiment  

Output :  𝐸: Ensemble Classifer 

Learn Base Classifier 

1. FOR ALL 𝑖 = 1 TO 𝑛 DO 

2.       ℎ𝑡𝑒𝑥𝑡(𝑥) ← 𝑡𝑒𝑥𝑡(𝑥𝑖)            
3.           ℎ𝑐𝑜𝑛𝑐𝑒𝑝𝑡(𝐼) ← 𝑐𝑜𝑛𝑐𝑒𝑝𝑡(𝐼𝑖) 

4.           ℎ𝑝𝑜𝑙𝑎𝑟𝑖𝑡𝑦(𝑥) ← 𝑝𝑜𝑙𝑎𝑟𝑖𝑡𝑦(𝑥𝑖) 

5. END FOR  

Construct Dataset for Prediction 

1. FOR ALL 𝑗 = 1 TO 𝑛 DO  

2. Create a row of predicted values which contains 

𝑧𝑗
𝑝𝑟𝑜𝑏

, 𝑦𝑗 where 𝑧𝑗
𝑝𝑟𝑜𝑏

=

{ℎ𝑡𝑒𝑥𝑡(𝑥𝑗), ℎ𝑐𝑜𝑛𝑐𝑒𝑝𝑡(𝐼𝑗), ℎ𝑝𝑜𝑙𝑎𝑟𝑖𝑡𝑦(𝑥𝑗)} and add 

to 𝐷𝑛𝑒𝑤  

3. END FOR 

Learn Meta-Classifier 
1. Learn a meta-classifier 𝐸 based on created 𝐷𝑛𝑒𝑤 

2. RETURN 𝐸 

 

Our proposed framework uses Stacking based 

Ensemble Learning to combine the predicted values 

from the image-text-concept [64]. However, we 

adopted a stacked generalization method [65] with a 

meta-classifier that previously only processes one 

type of input into image-text-concept features. This 

method obtains class probabilities from each image-

Text-Concept, not class predictions. We 

experimented with several meta-classifiers, which is 

reported in more detail in the experiments section. 

In our model, we assume that there are 𝑛 training 

data of  𝐷 = {𝑥, 𝐼, 𝑦}, where 𝑥 is the text, 𝐼 is an image, 

and 𝑦 is the target sentiment. There are three major 

steps in Algorithm 1. The first is learning the base 

classifier from the original image-text dataset. From 

the dataset, we obtained 

ℎ𝑡𝑒𝑥𝑡(𝑥), ℎ𝑐𝑜𝑛𝑐𝑒𝑝𝑡(𝐼), ℎ𝑝𝑜𝑙𝑎𝑟𝑖𝑡𝑦(𝑥).  ℎ𝑡𝑒𝑥𝑡(𝑥)  contains 

predicted probabilities of each target class, obtained 

from the DCNN text classifier 𝑡𝑒𝑥𝑡(𝑥𝑖) on text data 𝑥𝑖 

as input. ℎ𝑐𝑜𝑛𝑐𝑒𝑝𝑡(𝐼) contains predicted probabilities 

of each target class, obtained from the results of 

MultiLayer Perceptron model 𝑐𝑜𝑛𝑐𝑒𝑝𝑡(𝐼𝑖)  fed with 

2089 Adjective Noun Pairs from image 𝐼𝑖  as features. 

ℎ𝑝𝑜𝑙𝑎𝑟𝑖𝑡𝑦(𝑥) contains predicted probabilities of each 

target class, obtained from the results of sentic model 

𝑝𝑜𝑙𝑎𝑟𝑖𝑡𝑦(𝑥𝑖)  from text 𝑥𝑖 . Probability scores from 

step 1 are then added to a new dataset 𝐷𝑛𝑒𝑤 in step 

two, which is building a new dataset for prediction. 

Probability scores from 

ℎ𝑡𝑒𝑥𝑡(𝑥𝑗), ℎ𝑐𝑜𝑛𝑐𝑒𝑝𝑡(𝐼𝑗), ℎ𝑝𝑜𝑙𝑎𝑟𝑖𝑡𝑦(𝑥𝑗)  of each row from 

dataset 𝐷 are concatenated to form 𝑧𝑗
𝑝𝑟𝑜𝑏

. 𝑧𝑗
𝑝𝑟𝑜𝑏

 and 𝑦𝑗 

are then added to the new dataset 𝐷𝑛𝑒𝑤. The final 

step is learning a meta-classifier to predict the final 

class from the new dataset 𝐷𝑛𝑒𝑤. 

4. Image and text dataset for Indonesian 

sentiment analysis 

We collected tweets taken from Twitter based on 

criteria by which these tweets must have text and 

images. Our approach on dataset creation is based on 

[51]. We believe we have created a novel image-text, 

complemented with concept dataset for Indonesian 

Multi-View Sentiment Analysis. The collection of 

datasets via the Twitter website is done by entering a 

number of base words in Indonesian. The base words 

used have positive and negative meanings based on 

the Indonesian Sentiment Lexicon presented by [66], 

which is based on [67], and popular words based on 

trending topic in Twitter by the time of data 

collection. The positive and negative terms are  
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Figure. 7 Dataset sample 

 
Table 1. Number of sentiment for each polarity 

Sentiment Annotator 

1 

Annotator 

2 

Annotator 

3 

Negative 727 1,201                                                            747 

Neutral 2,184 736    1,918    

Positive 1,170 2,144                                                            1,416 

Total 4,081                                                            4,081                                                            4,081                                                            

 

selected based on Indonesian Sentiment Lexicon, 

which are manually translated in Indonesian, i.e., 

‘bagus’ (good) and ‘jelek’ (bad). 

In Fig. 7, the first column defines the tweet 

obtained from Twitter, and the second column shows 

the image that is posted together with the tweet. As 

shown in Fig. 7, the blue color defines the neutral 

sentiment, the green color defines the positive 

sentiment, and the red color defines the negative 

sentiment. This dataset is used in this study for the 

multiview sentiment analysis.  

We gathered 9,962 tweets in August 2018. We 

selected posts that are written in Indonesian. The total 

data after filtering is 4,081. Three annotators 

manually annotated the filtered data. There are three 

sentiment polarities, which are positive, neutral, and 

negative. Based on the results of the label of three 

annotators, at least two annotators must agree on the 

same label so that the data can be used. The sentiment 

amount for each polarity from each annotator is in 

Table 1. We obtained 3,961 data on which at least two 

annotators have an agreement as displayed in Table 

1. Out of 4,081 data labelled by three annotators, 120 

data have different labels from each annotator. We 

achieved moderate inter-annotator agreement with  

 
Table 2. Number of Sentiment for Each Polarity 

Dataset Positive Negative Neutral 

InMVSA 1,398 724 470 

MVSA 1,531 855 1,575 

0.42 Fleiss’ kappa score. The number of each 

sentiment is in Table 2 with comparison from MVSA 

Dataset [51]. 

5. Experimental study 

In this section, we report experiments scenarios 

on our dataset. Experiments were carried out with 10-

fold cross-validation. The experiment has been 

carried out ten times. Text modality has been trained 

using the DCNN model. The amount of text data is 

3,961 posts, and the model used the same parameters 

as in [35].  

The accuracy of each modality when classified 

separately, is displayed in Table 3. Then we 

experimented by combining each modality using a 

decision level fusion weight of 0.33 or an equal-

weighted scheme. The results of decision level fusion 

based on the research by [56] with an equal-weighted 

scheme are displayed in Table 4. The results obtained 

from a decision-level fusion with an un-weighted 

average scheme with the best accuracy on the data 

were 54.9% on the 9th fold. 

We have conducted experiments to find the best 

weight on each fold of cross-validation with image 

data. We obtained the best accuracy on fold 9 with an 

accuracy value of 73% and an average of 70% as 

shown in Fig. 8. The probabilities for each modality 

in fold 7 are as follows: text 90%, image data 8%, and 

SenticNet 2%. When compared to concept data, the 

use of text data is 63% and concept data 34%.  

 
Table 3. Average cross validation accuracy of each 

modality 

Method Text Image SenticNet 

5 

Averaging 0,680 0,519 0,457 

 
Table 4. Accuracy of decision level fusion 

Fold Result with Weight 

0.3 

1 0.473 

2 0.468 

3 0.481 

4 0.489 

5 0.534 

6 0.523 

7 0.496 

8 0.506 

9 0.549 

10 0.494 

Averaging 0.497 
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Figure. 8 Decision level with finding the best weight 

 

 
Figure. 9 Meta classifier experiments graph with image-text-concept fusion 

 
Table 5. Accuracy of meta-classifiers 

Fusion RF SVM LOGIT XGB NB 

Image-

Text 

0.663                   0.697         0.698                        0.652             0.685                 

Concept-

Text        

0.643 0.696 0.696 0.649 0.683                 

Image-

Concept 

0.478 0.486 0.527 0.493 0.513 

Image-

Text-

Concept 

0.677                   0.698 0.701 0.653 0.685 

 

We have also experimented with various Meta-

Classifiers, which are Bagging, Random Forest (RF), 

Support Vector Machine (SVM), Logistic Regression  

Table 6. Evaluation with baseline models on image-text-

concept data 

Approach Best 

Accuracy 

Average 

Accuracy 

Un-weighted Average       0.549 0.497 

Decision Level Fusion 

(Weighted) 

0.730 0.700 

Ensemble Learning with 

Logistic Regression 

0.810 0.701                   

 

(LOGIT), XGBoost (XGB), and Naive Bayes (NB). 

The experiment results are displayed in Table 5. 

The best-averaged accuracy was achieved with 

Logistic Regression at 81% on fold 4, as displayed in 

Fig. 9. We used a line chart to show the stability of  
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the performance of our proposed model. 

The comparison of previous models and our 

approach is in Table 6. We compared with un-

weighted average approach based on [46] and 

Decision Level Fusion by [56]. The best accuracy is 

obtained with Ensemble Learning with Logistic 

Regression with a slightly higher average accuracy. 

6. Conclusion, limitation, and future works 

We have developed an ELSA framework with a 

fusion of text-image-concept to achieve better 

Sentiment Analysis performance with Stacking based 

Ensemble Learning. Based on the results of our 

conducted experiments, text sentiment analysis has 

the best accuracy of 71% from average accuracy of 

68%, image feature for sentiment analysis has the 

best accuracy of 55% from average accuracy of 52%, 

and the SenticNet results the best accuracy of 49% 

from average accuracy of 46%. 

Multimodal sentiment analysis can increase the 

accuracy rate to 81% by merging the modality of text, 

image, and concept in the 4th fold with Logistic 

Regression as Meta-Classifier. The performance is 

13% higher compared to only text accuracy of 68% 

or image accuracy of 52% on the same fold. The 

average accuracy of Logistic Regression as the Meta-

Classifier is 70%. 

Among the three features, the accuracy of polarity 

calculation with SenticNet5 needs to be further 

analyzed. SenticNet5 has an excellent performance in 

English. However, in Indonesian, an additional phase 

is necessary due to the informal words and a variety 

of terms used in Indonesian Social Media. 

Moreover, the use of balanced data for each 

sentiment might improve accuracy as well as 

increasing the amount of data used can help improve 

the accuracy of prediction results. Content 

restrictions that are not only based on text data, but 

also on image data or in a particular image 

environment can also be done for further research. 
We also present a multiview dataset in Indonesian 

that consists of Image-Text Posts that could be 

analyzed in future research. 
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