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ABSTRACT
MULTIMODAL CLASSIFIER FOR DISASTER RESPONSE
NERGIiZ SIRIN, HATICE MELTEM

M.Sc. in Electronics and Computer Engineering.
Supervisor: Asst Prof. Dr. Saed ALQARALEH
Jan 2022, 67 pages

Nowadays, social media data can be used to make a huge difference in making correct
decisions in time-critical situations, such as the event of natural disasters. Social media content
consists of messages, images, and videos. In some cases, understanding the damage caused by
natural disasters only from text is not enough in terms of analysis, the effect of disaster is better
understood using visual data. Text datasets from social media platforms are widely used by
researchers, and a limited number of studies have focused on the use of other content such as
images. This is due to the fact that the number of tagged image datasets related to disasters is
very limited.

Therefore, in this thesis, we aim to address this limitation by presenting a multimodal
Turkish text and images dataset. Multimodal classification studies were carried out with the late
fusion technique. Also, to achieve multimodal classification; a pre-trained LSTM model is used
for classifying the text while a pre-trained CNN model is used for the visual content. Overall,
concatenating both inputs in a multimodal learning architecture achieved an accuracy of

91.87%.

Key Words: Multimodal Classifier, Disaster Management, Tweet Text Classification,

Tweet Image Classification, Turkish language
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OZET
AFET MUDAHALE iCIN COK MODLU SINIFLANDIRICI
NERGIZ SIRIN, HATICE MELTEM

Yiiksek Lisans Tezi, Elektronik Bilgisayar Miih. Boliimii
Tez Yoneticisi: Dr. Saed ALQARALEH
Ocak 2022, 67 Sayfa

Giiniimiizde sosyal medya verileri, dogal afet gibi zaman ag¢isindan kritik durumlarda
dogru karar verme noktasinda biiylik bir fark olusturan énemli bir ¢alismadir. Sosyal medya
icerigi mesaj, resim ve videolardan olusur. Bazi durumlarda dogal afetin neden oldugu hasari
sadece metinden anlamak analiz agisindan yeterli degildir, afetin etkisi gorsel verilerle daha iyi
anlasilmaktadir. Sosyal medya platformlarindan metin verisetleri arastirmacilar tarafinda
yaygin olarak kullanilmakta ve sinirli sayida caligma goriintiiler gibi farkli igeriklerin
kullanimina odaklanmistir. Bunun nedeni, afetlerle ilgili etiketli goriintii veri kiimelerinin
sayisinin ¢ok sinirl olmasidir.

Bu nedele bu tezde ¢cok modlu bir Tiirkge metin ve goriintii veri kiimesi sunarak bu
sinirlamay1 ele almayi1 hedefliyoruz. Calismamizda, ge¢ fiizyon teknigi ile multimodal
siiflandirma ¢aligsmalari yapilmistir. Ayrica, multimodal siniflandirma elde etmek i¢in; metni
simiflandirmak amaciyla; onceden egitilmis LSTM modeli kullanilirken, gorsel igerik igin
onceden egitilmis bir CNN modeli kullaniyoruz. Genel olarak, ¢ok modlu 6grenme

mimarisinde her iki verinin birlestirilmesi ile %91,87 dogruluk sagland.

Anahtar Kelimeler: Cok modlu smiflandirici, afet yonetimi, tweet metin

siniflandirma, tweet goriintii siniflandirma, Tirk Dili

Vii



To My Family

viii



ACKNOWLEDGEMENTS

I would like to sincerely thank my supervisor Asst. Prof. Dr. Saed Alqaraleh
for his approach and guidance throughout master process. I would also like to thank
my jury members Asst. Prof. Dr. Biilent Haznedar and Asst. Prof. Dr. Muhammed
Madi for their valuable participants and support.

This work is dedicated to my beloved daughters Ayse and Ahsen, son Sirac,
who have made me stronger and more fulfilled.

A special thanks to my mother, my father, my husband, and my siblings. I

believe I achieve all of my goals with their support.



TABLE OF CONTENTS

Sayfa No.
ABSTRACT ..ottt et e vi
OZET oo vii
ACKNOWLEDGEMENTS ..ottt ix
TABLE OF CONTENTS ....ooiioe ettt 10
LIST OF TABLES ... .ottt e 13
LIST OF FIGURES ......ooiiiiieeeee ettt 14
LIST OF ABBREVIATIONS ....ooiiiiiiieieieeseseee ettt 15
CHAPTER L.ttt 16
INTRODUCTION ...ttt ettt 16
1.1 Background........cccueeeiiiieiiieeiie et 16
1.2 Problem Statement..........coouieiiiiiiiiiiiiienieeeee e 17
1.3 Research ObJECtIVES......cccuiieiiieeiiieeie et 18
1.4 Scope OFf WOTK e 19
1.5 MethOdOlOZY ...ccuveiiiiiiiiriiciece e 19
1.6 Thesis OULHNE ........ooiuiiiiieiieeie e 19
CHAPTER IL ...ttt 21
LITERATURE REVIEW ....coiiiiiiiiiiiiiiieeeeeeee et 21
2.1 INtrOAUCHION. ...t 21
2.2 Social Media and TWItteT......ccueeiviiiiiiiiiniieieecee e 22



CHAPTER III Classification MethodS .......ceeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeenn 27

3.1 Text and Image Classification Problems ...........c.ccccoveevviencieenieeenne. 27
3.1.1. Selecting the Appropriate Feature Extraction Method .............. 28
3120 INOISE ottt ettt sttt sttt 28
3. 1.3, UNderfitting.......ccovveeiieiieeiieiieeieeiteeee e 29
3.1.4, OVEI ItING...eeeiiieeiieeceeeee et e s 29
3.1.5. Selection of Learning Algorithm ..........ccccoveeveiieeeciieniieeiee e, 30
3.1.6. MISSING VAIUECS .....ooovviiiieiiieiiecieeieeee e 30

3.2 Text Based Classification ...........coceeveeiinienieeiienieieeieeceie et 30
3.2.1. Preprocessing and Indexing ............cooceevieniiieiienieniienieeeene 31
3.2.2. Vector Represantation of TeXtS .......ccccceevvuiieecieenieeeciieeeiee e, 32
3.2.3. Word Embeddings .........ccceevuieeiieniieiiieiieeie e 33

3231 BERT .o 33
3232 ELMO ittt 33
3.2.3.30 XLINCE wooutieiieiieieee ettt 34
3.2.3.4. FaStTEXE couveeiiiiiiieiieceeeeee e 34
3.2.4. LSTM Text Classification Model.........c.cccoocueiieiniiiiiinicnnennn. 34

3.3 Image Based Classification.............cceevueerieriiieniiieiienie e 35

3.3.1. Convolutional Neural Networks ...........ccccevvueeviienieinieniieeenne, 36
3.3.1.1. Input Layer.....ooooiiieiieeiieeeeeeee e 37
3.3.1.2. Convolution Layer........cccceecvieviiieeeiiiieeiie e 37
3.3.1.3. Flattened Linear Unit Layer.........c.ccccceeeveenieiiienieenenne. 38
3.3.1.4. Pooling Layer........cccoocuieiiieiieiieeieeeeeeee e 39
3.3.1.5. Fully Connected Layer...........cccceeeueerieniieniieiiieieeeene 39
3.3.1.6. Dropout Layer........ccooocvieiiiiiiiieeiiee e 40



3.3.1.7 Classification Layer..........ccccceevieriiienieeiienie e 40

3.3.2. CNN Hyperparameters ..........cccceeeuveeriueeenueeeniieeenieeerreeenneesnnnes 42
3.3.2.1. Activation FUNCHIONS........ccccuvieeiiieeiiieciie e 42

3.3.2.1.1. RELU Function.........c.cccccvveevuireniieeeie e eeiee s 42

3.3.2.1.2. Sigmoid Function...........ccceeeueeviveeieenieenieesieennneens 42

3.3.2.1.3. Softmax Function .........c..cceceevervieniencnenieennn, 43

3.3.2.1.4. Loss FUNCtion ........cccceeeviveeeciieeeiieeeie e 43

3.3.2.1.5. Cross ENtropy ...ccccecvveeeeeiiieeeeiiiee e eeieee e 43

3.3.2.1.6. Mean Square Error.........ccceevvveviieeniieenieeieeene 43

3.3.2.2. Optimization AIZorithms ..........cccccverieeciieiieiiieieeneenee, 43
3.3.2.2.1.SGD o 44

3.3.2.2.2. ADAGRAD ..ot 44

3.3.2.23. RMSPROP ...ttt 44

33224 ADAM .ot 44

CHAPTER IV Multimodal Learning Proposed Approach............cccceeeeunennne 45
CHAPTER V EXPEIrimEeNtS........ccoueeriieiiieiiieiieeieesiee ettt 48
5.1 DALASET ...t 48
5.2. Unimodal Classification .........c.ccceeeerieenieiiiienieiieeieeeeeeeeeee e 53
5.3. Multimodal Classification...........coccverueeriiiiiienieiiieieeceeeeeeee e 57
CHAPTER VI CONCLUSION AND FUTURE WORKS .........ccccoeiinnne 59
REFERENCE .....ooiiiiiiieee et et et 60

12



LIST OF TABLES

Sayfa No.
Table 2.1. A minute on the Internet in 2021 ........cccoeoiiierieiinieieeeeeeeeee 24
Table 5.1. Manual annotation tasks and inStruCtions.............ceceveererieneenieeeenenn 49
Table 5.2. Sample of tweets with keywords and classes ..........ccoceevervieneiiinicncnne 50
Table 5.3. Number of samples in different splits of our datasets. .............ccoeeeneee. 52
Table 5.4. Number of samples of each sub-dataset ............ccceevveeiieniiieciencieenen 52

Table 5.5. Performance of the selected CNN models when used for image
classification (UNIMOAAL). ......c.ceeiiiieiiiieiiiecee e e s 53

Table 5.6. Performance of the classifiers using multiple embedding approach.. ....54

Table 5.7. Accuracy of classifiers with/without preprocessing. .........ccccceevveeennnenn. 56
Table 5.8. Accuracy of ensemble systems with/without the preprocessing ............ 56
Table 5.9. Accuracy, precision, recall, and F1 score for the proposed model......... 57

Table 5.10. Performance comparisons of the state-of-art deep learning models. .....58

Table 5.11. Performance comparisons of different modalities . ........c..ccoceevuereennenne 58

13



LIST OF FIGURES

Sayfa No.

Figure 3.1. Examples of comparative scatter plot in two types of data

(noisy and clean data) ..........cccceeeiieiiieiiieiie e 28
Figure 3.2. The concepts of underfitting, balanced, and overfitting .................. 29
Figure 3.3. The block diagram of text data preprocessing and indexing............ 31
Figure 3.4. LSTM network model architecture ...........cccccecueneevinicneeneniicneenne. 34
Figure 3.5. The block diagram of image classification .............cccceevveecriennnnne. 35

Figure 4.1.The workflow of the proposed multi modal classification system ..46
Figure 5.1. Sample images along with their text from collected tweets............. 51
Figure 5.2. Sample of hashtags used for data collection ..........cccccecveviriinnnne. 51
Figure 5.3. Performance of the selected CNN models when used for

image classification (UNIMOdal). ........cccieeriiieiiiierieeee e 54
Figure 5.4. Performance of the classifiers using multiple embedding approach 55
Figure 5.5. The accuracy of all models with and without the preprocessing

0] 013 21510 ) RSOOSR RPR SR 56

Figure 5.6. Accuracy, precision, recall, and F1 score for the proposed model .57

14



LIST OF ABBREVIATIONS

AdaBoost AdaBoost Classifier

ANN : Artificial Neural Networks
BoW : Bag-of-Words

CBOW : Continuous Bag of Words
CMS : Crisis Management System
CNN : Convolutional Neural Network
DBM : Deep Boltzmann Machine
DL : Deep Learning

GBC : Gradient Boosting Classifier
GPU : Graphics processing unit
KNN : K-nearest neighbor

SGD : Stochastic Gradient Descent
LSTM : Long Short-Term Memory
ML : Machine Learning

MMDL : Multimodal Deep Learning
NB : Naive Bayes

NLP : Natural Language Processing
RELU : Rectified Logical Unit

RF : Random Forest

SVM : Support Vector Machine

TF : Term Frequency

TF-IDF : Term Frequency-Inverse Document Frequency
Acc : Accuracy

15



CHAPTER 1
INTRODUCTION

An extremely large number of images and texts are uploaded to social media platforms
all over the world that are captured during most of the events occurring around us. This large-
scale data shared on social media can be classified by visual recognition and textual
understanding. In addition to the need to effectively extracting semantic content from
multimodal data that has a complex structure, it is also necessary to carefully examine the nature
of the data to be able to process it and get its information. Using social media data for social
benefit is an important study, especially in the event of a natural disaster. Since natural disasters
are time-critical situations, the effective classification of data published on social networks is
extremely useful for humanitarian organizations to make plans and correct decisions on time.
It is worth mentioning that sometimes people are sharing some information that is totally
irrelevant to disasters with disasters hashtags some they ensure that more readers are seeing

their tweets.

In this thesis, a multi-modal classifier application is carried out. First, Turkish text and
visual files related to natural disasters are collected and a new annotated dataset is created.
Secondly, experiments will be carried out on the introduced dataset to produce an efficient
classifier. For this purpose, a general introduction is presented in the following section of this

chapter.

1.1. Background

Nowadays, Twitter is one of the most popular microblogging that allows people to share
what they do, feel, see instantly. Hence, it is a highly valuable source of information and for
this purpose, it has gained importance for researchers. In this study, a multimodal classification
system that processes both text and image data shared on Twitter before, during, and after

natural disasters is presented.

Due to advances in deep learning, the performance of image classification methods has
increased significantly in recent years. However, interest in multi-modal deep learning for

image data and text data has increased. It demonstrates that deep representations of image data
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and text data can be transferred to a new field by performing common deep learning

representations for different data types.

1.2. Problem Statement

Disasters are known as events that have negative consequences on people, the
environment and societies due to the life losses and the damages that can occur due to the
disasters. Recently, messages and photographs are extremely used to describe the situations of
people and the environment during natural disasters such as earthquakes, floods, and fires.
Social media platforms, where information and news are accessed and used in seconds via the
Internet, are considered one of the most widely used tools for communication and its purposes.
In this case, such a platform, which we use for a large period in day manner, seems quite useful
when in terms of the ease of accessing and availability of useful information. However, in cases
of misuse, it creates a chaotic environment for communities and causes various harms. In other
words, this misused platform may have the quality to have negative consequences. Hence, an
automated system that can find out the most useful and relevant information before, during, or
after disasters is extremely necessary. While many studies work on introducing efficient
systems that automatically classify English data on social media, unfortunately, very few works

have been done in this field related to the Turkish language.

Social media content consists of messages, images, and videos. Related to disasters, in
most cases, understanding the damages only using text is hard, the effect of disaster is better
understood with visual data. In recent years, the abundance of image and text data has become
an essential factor to produce and develop deep learning systems of automated image and text

classification.

Until now, most of the available disaster-related studies have been done using text only
(Imran, 2015; Castillo, 2016; Kiatpanont, 2016; Pandey, 2016; Fersini, 2017; Nyugen, 2017,
Taney, 2017; Alharbi, 2019; Jain, 2019; Wiegmann, 2020; Alam, 2021), and a few research
works that deals with social media image data (Alam, 2017; Sakai, 2017; Hassan, 2020). And
as mentioned before, all existing studies conducted to support the Turkish language focus only

on the text. In other words, there is no Turkish study in which text and images are classified
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together. Hence, we believe that images shared on social media during the crisis also contain

valuable information in terms of classification.

1.3. Research Objectives

This study primarily aims to create a Turkish language multimodal dataset and an
efficient system that can efficiently determine disaster situations. For this purpose, the

following parts have been carried out:

e Collecting a large number of tweets and their contents (text and image), and then manually
annotating these tweets using the annotators into two groups, i.e., disaster and non-disaster.

e Comparison of multiple classification machine learning algorithms such as
Nearest Neighbors, Linear SVM, Polynomial SVM, RBF SVM, Gaussian Process,
Gradient Boosting, Decision Tree, Extra Trees, Random Forest, Neural Net, AdaBoost,
Naive Bayes, QuadraticDiscriminantAnalysis (QDA), Stochastic Gradient Descent (SGD)
using the created dataset.

e Building an efficient multimodal classification of CNN and LSTM deep learning techniques
combined with late fusion.

e Evaluation and measurement of classification performance of the developed system created

using the created dataset.

The performance of the machine learning algorithms mentioned above and the deep learning

technique are compared using various criteria. These criteria are:

e Investigation of the preprocessing steps vs. using row data on the overall classification
performance.

e Investigation of the effect of changing the number of samples used for training and testing
the system.

e Investigation of the performance of some state-of-the-art method features extraction

algorithms for text.
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The method proposed in the thesis uses images and Turkish texts posted on Twitter
during natural disasters. The success of the thesis will result in a disaster classification system

based on social multimodal data and make the classification result more effective and accurate.

1.4. Scope of Work

After natural disasters happen, urgent and on-site intervention is very important to save
lives and property and to make sure that such a situation is under control. One path that can
help is to collect instantaneous online information and make an accurate analysis. Hence,
numerous tweets are sent on Twitter before, during, and after natural disasters. Among these
tweets, it is essential to analyze data that is relevant to the disaster and also ignore the irrelevant
ones. It is worth mentioning that text can not always describe the disaster, while the images can
better illustrate the disaster. In this thesis, a multi-modal system is designed in which the content
of tweets (text and image) published before, during, and after the disaster can be classified as

relevant or irrelevant.

1.5. Methodology

In this thesis, we evaluate the proposed model on datasets of five different disasters by
adopting both text and image features. Hence, we represented each tweet using both its text and
images. Related to the text representation, word embedding methods are applied after the
preprocessing steps. On the other hand, for visual representation, feature extraction and data
augmentation are applied to get visual characteristics. Then, in multimodal representation, the
late fusion technique is applied to classify text and image tweets as relevant to or irrelevant to

disaster.
1.6. Thesis Outline

In the following chapter, a review of literature, and the studies of the disaster
management and data classification methods on social media are provided. The third chapter

describes the text and image-based classification models. In the fourth chapter, the multimodal

presented in the thesis is explained. In the fifth chapter, the results of the experimental studies
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are explained by providing information about the datasets created for the deep learning model.

Finally, the results of the study are mentioned in the sixth chapter as a conclusion.
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CHAPTER I
LITERATURE REVIEW

2.1. Introduction

Nowadays, emergency managers are trying to use all available channels such as phones,
TV, and Internet(websites such as social media) to inform the public about important
information. The contents of the Internet environment where emergency management
information is shared often use technical language that is difficult for a person to read, interpret
or understand, which reduces the effectiveness of the emergency platform. Information on
emergency management is typically time-sensitive, subject to constant change, and critical to
society’s readiness to respond to emergencies and disasters. In this context, as social media
popularity increases, it is frequently used in a crisis. For example, when we look at the reactions
given to the posts of the President and the members of the Council of Ministers during the July
15 coup attempt in Turkey, it is seen that the posts are shared an average of 300 times a day,
retweeted 231,247 times, favorited 10,522 times and received 55,159 responses. (Demirtas,
7.G, 2017). For this reason, it is important to use such sources to build an automated multimodel
system that can classify and analyze whether the data shared on social media is related to

disasters or not.

The concept of social media was first used by Barnes in 1954. Social media data can
hold about zettabytes worth of data per day. These data are only meaningful when analyzed. As
(Bontcheva, 2014) mentioned that the use of semantic technologies for smart information
access and data classification in social networks is a very interesting and essential research area.
In general, social media can be blogs or microblogs. Blogs allow unlimited content, while
Microbloggers allow up to 140 characters of user-generated content such as single sentences,
individual images, or video links. Because of this abbreviated structure, microblog posts are
often represented using sentence sections, and abbreviations. Twitter is the most popular
microblog, where approximately on average 309 new users are joining every minute. (Data
Never Sleeps,2021) Twitter uses additional categorical tools called hashtags to categorize and
rank posted content. These hashtags can be formed with letters, characters, and numbers
following the hash ("#") and referencing an issue, event, or condition. These hashtags can be

created by users.
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2.2. Social Media and Twitter

Social media is an effective platform among the most preferred tools that provide
communication and information flow. Social media has expanded the options for sharing
information, changing the way people communicate in the event of a disaster. (Al-Akkad and
Zimmerman, 2012; Palen and Hughes, 2018; Reuters, 2018). Especially in disaster and crises,
people try to communicate more. For example, after a disaster, people want to know that their
relatives are safe and at the same time, they want to get reliable information about the event and
the post-disaster crises. In addition to pre-disaster awareness activities, social media is a quick
way to access information during a disaster. In this process, it should be noted that the abuse of
social media tools may increase crises. To prevent this situation, those who will provide
information after the disaster should explain the information that needs to be reliable, clear, and
accurate (Cetinkaya, 2013). In the event of a post-disaster crisis, information should be provided
as often as possible, and the public should be informed about the situation of the disaster, thus
preventing rumors and preventing the situation from turning into a secondary crisis. This helps
to gain public trust and manage the process in a better way. Studies on the relationship between
social media and crisis management have just begun. Therefore, studies on this subject are
limited, but the crisis in social media is similar to the traditional crisis. For this reason, the crisis
management of social media depends on the principles of classical crisis management.
However, (Diyadin & Ozdil, 2017) suggest that these methods and mechanisms should be

further improved for social media.

For example, during 2011 a magnitude 5.8 earthquake that occurred in the United States,
authorities have contacted the public via Twitter to report the disaster damage in their regions
and to inform the public what to do. In this earthquake, where calls could not be made due to
equipment disruptions, Twitter was used to reach people's relatives and get information from
public institutions (Soydan and Alparslan, 2014). Another example is the Van Earthquake that
took place on October 23, 2011, in Turkey. In this event, people in Van and surrounding places,
have organized aid, support campaigns, and rescue activities using social media. The fact that
the injured are under the rubble in some regions shows how important social media is in the
context of correct use. It should be considered that platforms can be used effectively and also

help in crisis management.
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However, due to the extremely huge amount of shared multimodal data, it is important
to remove both redundant and irrelevant information to assist decision-makers in making the
most suitable actions during such events. Researchers are interested in big data in social media,
and it is widely used to analyze the textual content only of social media. With the increase in
Internet speed, the analysis of image information is also becoming widespread. While most
current event detection approaches generally focus on text content, few researchers explore
multimodal information among heterogeneous data. Studies in this field are mainly classified
as unimodal. In other words, in current studies, image and text data are evaluated separately
and there is no multimodal study for supporting and processing the Turkish language in the

literature.

In this study, we use the Twitter social media platform due to many factors, such as
Twitter is considered as one of the most widely used social media networks with approximately
310 million monthly active users, 83% of which are on mobile devices that makes providing
first-hand information during a disaster more frequent. Also, Twitter users tweet with many
different data modes, including text and images. To integrate these different data types and
extract relevant information, we built a multimodal neural network combining Turkish texts
and images. Overall, in this thesis, an efficient multimodal approach was developed to classify

images and text using deep learning algorithms.

According to (Our World in Data, 2021), the earth's population is around 7.7 billion and
at least 3.5 billion users are online. Also, it has been reported that Twitter gains 319 new users
every second, and 473,400 tweets are sent every second. Table 2.1 summarizes what happens
on the Web each one minute. Also, the number of social media users in Turkey is equivalent to
70.8% of the population according to datareportal's January 2021 report (Datareportal, 2021)
Twitter, one of the most used social media platforms in Turkey, is used by 72.5% of the Internet
users. The main reason why Twitter is so heavily used is that textual and visual information can

be transmitted so fast.
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Table 2.1. A minute on the Internet in 2021 (Our World in Data, 2021)
Social Media Platform Every 1 Minute of the Day

Twitter Users post 575k tweets
Tiktok Users watch 167M videos
Instagram Users share 65k Photos
Facebook Users share 240k Photos
Youtube Users stream 694k Hours
Netflix Users stream 452k Hours
Google Conducts 5.7M searches
Teams Connects 100k users
Zoom Hosts 856 Minutes of Webinars
Snapchat Users send 2M Snapchats
Amazon Customers spend $283k

In the following, the most recent and related works and literature to this study and the
methods used to classify disaster-related social media data are summarized. In (Rudra, 2018),
authors proposed distinctive features to classify tweets as contextual and non-contextual. After
classifying the tweets, they used situational tweets summarization techniques to convey
awareness to government agencies. Then, their proposed system was experimented with
different disaster datasets such as the Uttarakhand floods and the Nepal earthquakes, using
tweets in two different languages, English and Hindi. They developed a domain-independent
classifier that performs better than the domain-dependent technique in the case of both English

and Hindi tweets.

(Caragea C, 2014) also categorizes building damage by using text-only resources from
affected individuals to provide easy access to humanitarian organizations and disaster-affected
people. Similarly, (Rudra K, 2017) the authors proposed an automated method to classify tweets
about Ebola and MERS. In (Madichetty, 2019), the authors developed a method to classify
tweets about damage detection, combining statistical and illuminating features. They used
Random Forest (Breiman, 2001) and AdaBoost (Freund, 1996) classifiers. However, these
mentioned articles talked about different types of useful information and only textual features
were explored. Detecting informative tweets during a crisis is crucial. (Nguyen, 2017) also
proposed a technique using visual content during a disaster, but did not explore any textual
features. There is no study in the literature to classify Turkish informative tweets with a

multimodal classifier that uses both picture and text content. This thesis proposes a model that
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uses Turkish tweet text and image content to classify relevant or irrelevant tweets during a

natural disaster.

(Castillo, 2016) suggests in his study that it is very necessary to use social media
microblogging platforms such as Twitter for rapid and rapid damage assessment during
disasters. They have obtained 80% accuracy by classifying 52 million tweets using Naive
Bayes, Support Vector Machine, and Random Forest methods. It is difficult to obtain useful
tweets by filtering tweets to get information such as how many people were injured or killed,
how many buildings collapsed, but also urgent action may be required by various organizations
such as what medical supplies the survivors may need. Therefore, tweets during a natural
disaster can be classified as informative and non-informative. Informative tweets (Houston,
2015) are written and visual data that provide information about disaster-affected people, the

needs of the injured, and the availability of necessary medical supplies.

The author (Alqaraleh, 2021) aims to create a system that can detect crises that require
assistance by making an effective classification for Turkish tweets and this study only classifies
text using KNN, SVM, and CNN algorithms and has obtained 94.88 as accuracy. Another
Turkish study was presented in (Ayata, 2017) where word vector representation was used
instead of rule and dictionary-based approaches. Decision Support Machine and Random Forest
classification are used, and a study is presented in which four different datasets are classified

for sentiment analysis in Turkish.

In the study (Alam, 2018), a graphical deep learning model was developed with an
inductive semi-controlled technique using low-label data in two different categories of tweet
datasets to respond instantly to the crisis due to the lack of labeled data. In the study (Alrashdi,
2018), the performance improvement of the model was made by using The CrisisNLP tweet
database, BILSTM and CNN network components, and the Glove word embedding model for
crisis management classification. The article (Alam, 2018) introduced an image processing
pipeline to collect images, remove duplicates, filter out what seems irrelevant, and classify
according to the degree of damage to extract meaningful data from social media visual content

during a natural disaster.
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Information fusion can occur in two stages, early and late fusion levels. It has been
proven in many studies that the late fusion approach is more effective (Ces G. M. Snoek, 2005).
Most importantly, since the modules that extract semantic information from the image, sound,
and text in the project work independently of each other, it is more appropriate for our fusion
approach to take place at the late fusion level in our project. (Rizk, 2019) using the SUN dataset,
the earthquakes in Nepal, Chile, and Japan and the tweets of the flood disaster in Kenya were
classified using SVM and ANN and an accuracy of 92.43% was obtained. In (Jony, 2021), the
author classifies 6000 Flick images in two categories, flood or non-flood, using the MediaEval
2017 dataset, with the CNN algorithm. (Zou, 2021) image and text classification was made
using the CrisisMMD dataset obtained from the events that took place in 2017. Until now,

studies in which text and image data are used together in this way have been done in English.

Unfortunately, until the time of this study, no multimodel crisis management system
study classified text and images made for the Turkish language. However, with this thesis, we
consider the crisis management system with two different classifications and use multimodal
deep learning techniques. In our study, both text and image-based Turkish data were created,

and multimodal classification studies were carried out with the late fusion technique.
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CHAPTER III
CLASSIFICATION METHODS

Within the scope of this thesis, a system was developed in which automatic semantic
information was extracted from Turkish tweets using image and text data (multi-modal), stored
in appropriate formats, and then effectively classified. Within the scope of the thesis, semantic
information is extracted from each of the image and text data. When textual and visual methods
are combined, it seems better to use these two contents simultaneously (Bouslimi et al., 2017).
In short, this process, i.e., multi-modal classification, has been one of the important activities
of the thesis. The following sections present the problems, mechanisms, and steps of deep

learning classification models when processing both text and image.

3.1. Text and Image Classification Problems

The field of natural language, includes many computational techniques for representing
and automatic analysis of human language. It is hard and difficult to perform text classification
using computers and machines. (Cambria and White, 2014) described the anticipated
development of NLP research with three different curves to overcome difficulties in this area:
syntactic, semantics, and pragmatics. Most of the approaches available today still use the
syntactic representation of the text. The second trend, semantics, study the meaning of the text
by concentrating on its content. While texts are represented by the bag of words model in
syntactic tendency, i.e., the text is represented by the bag of concepts model in semantic
tendency, where the bag of concepts is based on models that represent the meanings of words
in a vector space. In the bag of narratives model, which shows the pragmatic tendency, it is not
foreseen that a more detailed text comprehension and calculation level will be achieved by
showing each piece of text with smaller and interconnected sections. Many factors complicate
the text classification process. One of these factors is that there are hundreds of different natural
languages, each with different structures and rules. Another difficulty can be ambiguous, as the

meaning of words changes depending on the context.

On the other hand, when we consider a series of images tagged with one category, these
categories are expected to be estimated for a new set of test images and the accuracy of the

predictions is measured. In doing so, many problems such as viewpoint variation, scale
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variation, image distortion are arisen. In the following, we summarized the main problems

related to process text and images.

3.1.1. Selecting the Appropriate Feature Extraction Method

It is one of the most significant parts of machine learning systems. Because the correct
operation of the system varies depending on the selection of the right features and the number
of features. However, the property inference process is domain-dependent, which means that
the properties selected for the facial recognition system and the properties selected for the
fingerprint recognition system will be different. Likewise, the feature selection of the system
developed for an English text classification task will be different from that for Turkish. If
machine learning features can be learned automatically, the entire learning process can be
performed automatically, making it easier and many problems can be solved. At this point, deep

learning has provided an easy way to provide automated feature learning.

3.1.2. Noise

In a facial recognition process, faces in images can be of different sizes, colors, angles,
lights, or low resolution. In a text classification process, texts from different site sources may
contain misspellings, punctuation, non-widely used abbreviations, missing sentences, and texts.
Figure 3.1. illustrates the impact of noise on the classification of a simple, linearly separable,

binary classification dataset.

0.8 —

0.6 —

0.4 —

MNumber of data points

0.2

/ ® [ ]
L ] L ]
— / o PO ° @ —— Clean

I
G!G 0!2 0!4 CI.IG 0!8 1.0

Number of data points

Figure 3.1. Examples of comparative scatter plots in two types of data (noisy and clean data)
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3.1.3. Underfitting

If a nonlinear function is modeled with a linear model, the model falls short of
expectations and the bias error is high. When bias error is high, training data is learned
incompletely. In short, this condition is called underfitting. A network with a high bias error
generates prediction outputs on the training set, a high error rate, and the model does not learn
the data well. To reduce bias error, it is necessary to modify the network architecture by adding

new layers and neurons. CNN and RNN methods can be a good solution to this situation.

3.1.4. Overfitting

Variance error is an error that occurs because of randomness in the training data. When
the training distribution is improved so that the model can no longer be generalized, a high
variance error occurs. This condition is called overfitting. A network with a high variance error
has learned the training data very well and has faced the problem of memorizing the data. At
the point where the validation error is separated from the training error and increases, the
problem of overlearning begins to occur. Increasing the number of data to reduce variance error,
applying dropout and regularization techniques can be the solution. In a facial recognition or
text classification process, each training sample can be classified very well by increasing the
model complexity. However, the model's performance on test data, i.e. previously
unprecedented data, may be poor. If a model is performing very well in training samples and
performing poorly in test data, it has over-learned. The error of the model trained on the training
data does not provide the correct information, so it is necessary to look at the performance,
generalization error, on the test samples of the trained model. Figure 3.2 shows the concepts of
underfitting, balanced, and overfit. The graph on the left is where we can predict that the line
does not cover all the points on the graph to explain the variance, causing the data to be missing,
thus having a high bias error. In contrast, the graph on the right may look like a useful graph
that covers all points; however, the line projected in the graph incorporates noise and random
fluctuations in the training data into its learned relation. Such models most likely predict poor
outcomes due to complexity. The model has a high variance error. Finally, the middle chart
shows the proper fit as it has a pretty good, predicted line. The line covers most of the points

on the chart and we can conclude that there is a balance between bias and variance.
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Figure 3.2. The concepts of underfitting, balanced, and overfitting

3.1.5. Selection of Learning Algorithm

The model used for a particular job may not work correctly and alternative algorithms
may be needed. The researcher needs to test many models and develop or use the algorithm that
suits the need to select a good learning algorithm for the need of the problem. In addition,
having preliminary knowledge of descriptive properties for a recognition or classification

problem is important in creating more original models for separating different types of classes.

3.1.6 Missing Values

The missing features are mainly due to a lack of data or the use of the opt-out option.
For example, faces in some races may not be included in the training set due to difficulty in
recognizing, or they may be excluded from the class category because the news classification

process has little data in the culture class.

The following section can be divided into two subsections. The first subsection
describes the classification process with text, and the second subsection describes the

classification process with images.

3.2. Text-Based Classification

It has emerged as an effective solution to text analytics problems to use deep learning.
Recently it has improved the performance in many fields related such as classification,
clustering of texts, document summarization, customer relationship management, web mining,

emotion analysis, etc.
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Text classification is the determination of whether each document (text) belongs to
predefined classes. In other words, a logical value in the form of true or false must be produced
for each input. The methods used in the text classification process are explained in the following

section.

3.2.1. Preprocessing and Indexing

Textual data has been pre-processed because they contain terms such as spaces,
punctuation, repetitive words, etc. Turkish-specific characters " ¢, g, 1, 6, , i" are converted to
Unicode characters. One of the pre-procedures performed is "stop words", which is the process
of removing words such as unnecessary conjunction and preposition from the text. Due to the
sensitivity of uppercase letters, all words in the text have been converted to lowercase letters.
Unnecessary characters have also been cleared during the pretreating process. A sample

procedure is also shown in Figure 3.3. for the operations performed.

Tokenize: It also removes punctuation from the text by separating the string into tokens.

Stop word filtering: Eliminates common words.

Stemming filtering: Reduces each word to its body by removing prefixes or semed
attachments.

Indexing: After filtering and generating data, it is indexed using TF-IDF, a weighting
scheme that scans features in tweets, depending on how often the word occurs in a single tweet
compared to how often it occurs in other tweets. Then, by measuring the weight of each

keyword, the relevant event can be decided.
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Figure 3.3. The block diagram of text data preprocessing and indexing.
3.2.2. Vector Representation of Texts

As with traditional machine learning models in deep learning models, the texts given
before they can be trained must be converted to numerical representation. Converting text to

numeric representation is called vectorization, which can be done in several different ways:

» Convert text to words and show each word as a vector
» Convert text to characters and show each character as a vector

* Create n-grams of words and represent them with vectors

The separation of a given sentence into characters or words is called a unit (token). After
text data is divided into small volumes, each unit is mapped to a vector. There are two basic
approaches for matching units with vectors: 1-hot encoding and word embedding. In this thesis,
the BERT algorithm was preferred to create word embeddings. BERT offers powerful
architecture. For this reason, the bert-base-turkish-uncased (Loodos,2020) model, which is a
pre-trained BERT model using MLM technique with a 200GB data set obtained by the Loodos
team from sources such as e-books, news articles, online blog posts, and Wikipedia, was

preferred for the Turkish language.

Although Word2vec is a very successful technique, there are some difficulties; although
the word2vec model is easy to develop for a new data set to be created, debugging difficulty is

one of the most important problems. In the case where a word has more than one meaning, the
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word representation will average these meanings in vector space. The uncertainty that will occur

in this case is another challenge of the word2vec model.

3.2.3. Word Embeddings

3.2.3.1 BERT (Bidirectional Encoder Demonstration) Transformers

The algorithm started to be used in 2018 with other algorithms of Google in NLP to
better understand the queries and to provide more accurate results by evaluating the words in
the queries one by one. Using artificial intelligence and machine learning technologies together,
the BERT algorithm can be used to find high-quality language from your text data. In this
algorithm, instead of evaluating the words in the queries one by one, they will begin to evaluate
them together with the words before and after them or similar and synonyms. BERT means that
with the Algorithm update, the conjunctions and prepositions used in the queries will
understand much better what they add to the query. Regardless of what appears in the Word2vec
model in the context required for it, BERT is transmitted dynamically informed word
representations with words around them. In this thesis, BERT was used to create pre-trained

word representations in twitter texts.

3.2.3.2.ELMO

Elmo word vectors are used in two bidirectional language model layers. There are two
transitions in its layer; forward transition and backward transition. Advanced transition; It
contains information about a specific word and previous words. The passback contains
knowledge about the word and the scope after it. This information creates intermediate word
vectors in forwarding and backward transition. These word vectors feed into the next layer of
the bidirectional language model. As the final indication, Elmo is the weighted sum of the raw
word vectors and two intermediate word vectors. The same word can have different word
vectors in different contexts if the whole sentence with ELMO word vector vectors is the
process. Thus, it provides an advantage over traditional word vectors such as Word2vec and
Glove, which have a single numerical representation regardless of where the words occur and

the fields that have different meanings.
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3.2.3.3.XLNet

XLnet is the newest and largest model for NLP. XLNet is based on the recursive
transformer architecture and is a language model that gives the common persistence of a set of
words. The purpose of being used in modeling computes word vector calculations based on
permutations of all word vectors in a sentence, as expected by the source stem and its left. While

doing this, BERT avoids the assumption of independence and fine-tuning.

3.2.3.4. Fasttext

The advantage of FastText representations over word2vec representations is that they
take into account the inner structure of words when learning word vectors. This feature is useful
for morphologically rich languages such as Turkish. When training in the Word2vec algorithm,
every word is considered atomic, i.e. unique, but with FastText, each word is grouped according

to n-gram characters.

3.2.4. LSTM Text Classification Model

Long Short-Term Memory Networks (LSTM) Model Memorization-overlap and reset
gradient (vanishing gradient) are two main problems in deep neural networks applications. The
dropout method is used to avoid the problem of memorization due to the raised parameters’

numbers in the hidden layer. (N. Srivastava, 2014).

The RNN method, which is widely used in NLP, can predict the latter word from the
former words given in a content. Like traditional neural networks, RNN uses a reverse
propagation algorithm. During this backward spread, gradients prone to zero, called the reset

gradient problem. LSTM architecture is introduced to solve this problem (S. Hochreiter, 1997).
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Figure 3.4. LSTM network model architecture.

Figure 3.4 shows the architecture of the single-layer LSTM utilized in this thesis, the
LSTM layer is already trying to determine whether a tweet given by training an RNN is related
to a natural disaster. Depending on whether they are relevant or irrelevant, the lengths of
comments of different lengths labeled 1 and 0 respectively are limited to 100 words. Longer
comments are cut according to the maximum sentence length, while shorter comments are filled
with zero padding, i.e. the required amount of zeros. A dropout was used after this layer to

prevent overfitting.

The following section describes the image classification process. Image classification is
the function of extracting the probabilities of which image class the image belongs to or the

classes that best describe it for the image after the image is taken as input.

3.3. Image-Based Classification

When people look at an image, they can effortlessly differentiate between the color,
size, and similar types of items. When computers detect the same images, they create a matrix.
A matrix value for each pixel in the image varies according to that pixel. Convolutional neural
networks process these matrices in a large number of hidden layers, detecting their different
properties so that they can easily distinguish objects. Today, the rapidly evolving method of
image processing is a technology used in many fields to perform operations such as object
recognition and classification by converting an image into a numeric form. Image classification
is the process of separating pixels in an image under different class labels using different

interpretation techniques. (Figure 3.5) The image classification includes tags that are classified
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as outputs. In this thesis, class labels on the image are used in supervised classification, which
is predetermined by the user. Support vector machines, Bayes classification algorithm, K-
nearest neighbor algorithm, decision trees, and convolutional neural networks are used in

disaster classification.
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Figure 3.5. The block diagram of image classification

3.3.1. Convolutional Neural Networks

Convolutional Neural Networks (CNN) play an important role in the creation of
classification models based on image recognition and natural language processing.
Convolutional Neural Networks, a category of deep learning neural networks, has performed
superhumanly in many other areas of image recognition, object recognition, automatic video
classification, and computer vision. Convolution Neural Networks consists of a combination of
popular convolution processes and neural networks. Convolutional Neural Networks (CNN or
ConvNet) is a type of multilayer sensors (MLP). The cells in the visual center are divided into
sub-regions to cover the entire image. Simple cells concentrate on edge-like properties, while
complex cells concentrate on the entire image with larger receivers. CNN, an advanced neural
network, was inspired by the animals' visual center. Although it was first reported in 1998 that
Yann LeCun published an article, Lecun, Bottou, 1998, it was made known worldwide in
2012. The AlexNet model, designed with deep learning architecture, won the ImageNet
competition held that year. The study was published with the article "ImageNet Classification
with Deep Convolutional Networks" (Krizhevsky, Sutskever, et al. 2012) and quoted 21944 as
of July 2020. With this architecture, the computed object identification error rate was degraded
from 26.2% to 15.4%.
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Convolutional neural networks are the most trendy neural network model used for image
classification, as they greatly improve learning time with fewer parameters and reduce the
amount of data needed to train the model. Instead of a network fully connected to each pixel,
CNN weighs enough to get a small portion of the image. The main layers of CNN are described

in the following.
3.3.1.1. Input Layer

This layer constitutes the first layer of CNN. Data is given raw to the network. For the
success of the model to be designed, it is important to select the correct input image size of the
data in that layer. When the input image size is selected high, the requirement for memory
increases, and the training and test time can be extended. If the input image size is selected as
low, the performance of the network may be low while the memory requirement and training
time is reduced. When performing image analysis, an appropriate input image size is needed to

choose for network success in terms of both network depth and hardware cost.
3.3.1.2. Convolution Layer

In evolution, which is a customized linear process, the main purpose is to extract
properties or information from an image or text. These networks are simply networks that

perform convolution rather than matrix product at least one layer. (Ethem, 2018)

Discrete time convolution is expressed in Equation (3.1)

o]

s(t) =(xxw)(t) = Z x()w(t — a) (3.1

a=—00

In Equation (3.1), filter w, input x, time t, and s are expressed as results. When a two-
dimensional input, such as an image, is used as an input, the convolution process is expressed

by equation (3.2). (Ethem, 2018)
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In equation (3.2), the terms 1 and j refer to the locations of the new matrix to be obtained
as a result of the convolution process. In many cases, the center of the filter is positioned to be

in its origin.

An image or a text is considered a matrix of values, and the purpose of the convolution
process is to scan this matrix with specific filters to extract descriptive properties for images
and texts. Filters are an integral part of layered architecture. Filters can be of different sizes
such as 2x2, 3x3, 5x5. Filters generate output data by implementing the convolution process to
images from the previous layer. As a result of this convolution process, the activation map is
created. Activation maps are regions where characteristics specific to each filter are found.
During the training of CNN’s, the coefficients of these filters modify with each learning loop
in the training set. Thus, the network identifies which regions of the data are significant for
determining properties. For the convolution process, 3x3 filterscrolls through the input image
to the right or left by swiping the specific step. During this entangling, when the matrix
boundary is reached, one step down and continues again. This entangling is done on the entire
image matrix. Filter coefficients are multiplied by values in each color channel and their sum
is taken. After this operation is performed on all three channels, the sum of the three creates the
activation map. Filter coefficients applied to each color channel matrix may be different.
Changes in these filter coefficients are made by designers to suit their models. The values on
the activation map are normalized to provide the same intensity range between the input and
output size. For this normalization, the calculated values for each color channel are divided by

the sum of the filter coefficients.

3.3.1.3. Flattened Linear Unit Layer

This layer is used after the convolution layers and is known as the rectifier unit, which

1s most activated for the output of CNN neurons. The ReLu function takes 0 for negative output

as given in Equation 3.3, while it takes its value for positive entries x

f(x) = max (0,x) (3.3)
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This layer is also known as the activation layer. The impact it has on input data is that
it lowers negative values to zero. The network is linear because certain mathematical operations
were carried out on the convolution layer utilized before this layer. This layer is implemented
to put this deep network into a nonlinear structure. With the use of this layer, the network learns

faster.

3.3.1.4. Pooling Layer

Pooling is usually positioned after the ReLu layer. Its primary purpose is to reduce the
input size for width and height for the next condensation layer. This does not interfere with the
depth size of the data. The process performed on this layer is also called "DownSampling". The
decrease in size because of this layer leads to the loss of information. It is useful for two reasons
for such a lost network. The first creates less transactional load for the following network layers.
The second avoids the system from memorization. Like the convolution process performed in
the first step, certain filters are identified in the pooling layer. These filters are routed around
the image according to a particular step-by-step value and placed in the output matrix by taking
the maximum values (maximum pooling) or the average of the values (average pooling) of the
pixels in the image. Usually, maximum pooling is favored since it accomplishes better. Pooling

is performed for all images because of the convolution layer.

3.3.1.5. Fully Connected Layer

In the CNN architecture comes the full connected layer after the convolution, ReLu, and
pooling layer. This layer connects all areas of the previous layer. The entire matrix is given a
single class vector with a size of 1x1x10. The number of neurons in this layer is equal to the
number of classes, and the layer output gives the class score, that is, the probability that the
given input owns a class. As a result, an input passes through a series of layers, turning into an
estimated class score in the output layer. The parameter or weight requirement of each layer is
different, and these network parameters are learned by gradient reduction-based algorithms in

the process of propagation.
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3.3.1.6. Dropout Layer

CNN sometimes memorizes the network because it's trained with big data. This layer is
used to avoid the network from memorization (Srivastava, Hinton, et al. 2014). The basic logic

implemented on this layer is the unload of some nodes of the network.

3.3.1.7. Classification Layer

This layer comes after the fully connected layer. Classification is carried out in this layer
of deep learning models. The output value of this layer is equal to the number of objects to
classify. For example, if 10 different objects are to be classified, the classification layer output
value must be 10. If the output value is selected as 4096 on the fully connected layer, a weight
matrix of 4096x10 is obtained for the classification layer according to this output value.
Different classifiers are used in this layer. Mostly softmax classifier is favored due to its
achievement. In the classification, 15 different objects produce outputs of a certain value in the
range of 0-1. The output, which produces close to 1 result, is confirmed to be the object that the

network presupposes.

All the layers explained above include hyperparameters, such as the number or shape of

the filters of each Convolutional layer.

The best invention in the competition, held in 2012, was the AlexNet architecture
developed by Alex Krizhevsky at the University of Toronto. In 2014, two architectures came
to the fore in the competition. The first is the VGG architecture introduced by the visual
geometry group at Oxford University. There is two edition of this architecture, VGG-16, and
VGG-19, with 16 and 19 layers, respectively. The second is the GoogLeNet architecture, known
as Inception. In 2015, it won the network architecture competition, called ResNet, presented by

the Microsoft research group. These popular CNN architectures are described below.

A) AlexNet Architecture

The first popular use of deep learning in computer vision started with the AlexNet

model. This 8-layer architectural array, aims to classify images in the ImageNet database with

40



10 million images and 1000 different image categories. The AlexNet model has all pooling
layers in size 3x3, 4096 neurons in The Full Link-1 and Full Link-2 layers, and 1000 neurons
in the last layer, Full Link-3. The latest layer, therefore, represents 1000 classes. AlexNet is

also a pioneer of the relu activation function and dropout technique in deep neural networks.

B) VGG Architecture

Designed by Simonyan and his counterparts in 2014, this architecture is based on the
insight that deeper networks are better networks. Despite it providing higher accuracy
performance than AlexNet, it has a lot of parameters (about 140 million) and needs a lot of
memory usage. In other words, smaller filters are used according to AlexNet. This architecture
utilizes fixed 3x3D filters with a variable number of 64, 128, 256 filters in all convolution

layers.

C) Inception Architecture

The biggest contribution of this architecture is to reduce the number of parameters to 5
million (approximately 12 times fewer parameters) compared to the AlexNet architecture,
which has a total of 22 layers and a total number of parameters of 60 million. There are four

versions: Inception-v1, Inception-v2, Inception-v3, and Inceptionv4.

D) ResNet Architecture

Researchers encountered a problem creating deep CNN architecture. Previous
architectures have seen that as you add layers to deep learning models, performance increases
up to a point, and at some point, there is a rapid decline. This problem, known as a reset gradient,
was spread back during network training. The state-of-the-art ResNet architecture in image
recognition, like previous architectures, is built on the idea that "the deeper the network, the
greater the performance". However, with increased network depth, the reset gradient problem
is also increasing because the gradient of each layer is calculated by the chaining rule compared

to gradients from the previous layer.
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3.3.2. CNN Hyperparameters

The parameters determined before the training process are known as hyper-parameters
(Tran, 2020). Before applying any method to the dataset, it is necessary to select an appropriate
set of hyper-parameters (Young, 2015). Hyper-parameters have a significant impact on the
performance of the trained model. Different models can be created by specifying different sets
of hyper-parameters. (Tran, 2020). Below are some hyper-parameters specific to the CNN deep

learning algorithm.

3.3.2.1. Activation Functions

The activation function is used while obtaining net output results by processing the input
data for nonlinear transformation operations in the multilayer neural network. Different
activation functions have been developed for artificial neural networks to solve complex
problems over time. Thus, the artificial neural network is used to collect the information coming
to the nerve cells, and the selected activation function is used to transmit the output value in the

neurons to the next layers.

3.3.2.1.1. RELU Function

The task of this function is that if the input value is below zero, the output is zero, and
if the input value is above zero, the output creates a linear relationship by equalizing the input
value. Compared to other activation functions, it produces fast results for computers with

limited processing capacity.

3.3.2.1.2. Sigmoid Function

Used for nonlinear problems. Logistic and tangent functions are called sigmoid
character functions. The logistic function applies to the input vector values separately and

generates values between 0 and 1, while the tangent function maps the input value between -1

and +1.
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3.3.2.1.3. Softmax Function

The softmax function generates predictions for each class and outputs the estimated
class probabilities of the input data. The estimated class is determined by the highest softmax
value. Maps the input data to probabilities with a sum of 1 between values 0 and 1 and

maximizes probability.

3.3.2.1.4. Loss function

Loss functions are used to measure the performance of the model while training the
artificial neural network models. Many loss functions calculate the difference between the

target variable and the output.

3.3.2.1.5. Cross entropy

Cross entropy is expressed as a probability value whose output is between 0 and 1. The
farther the predicted probability is from the original tag, the higher the value of the cross-
entropy loss, the closer it is to zero. The cross-entropy function result is always positive. Cross
entropy loss and mean squared error are the loss functions used to compare training data with

real tags and determine the error amount.

3.3.2.1.6. Mean Square Error (MSE)

Mean Square Error is one of the most widely used loss functions. MSE, as its name
suggests, is the sum of the squared distances of errors between our target variable and our

predicted values.

3.3.2.2. Optimization Algorithms

In deep learning applications, the absolute minimum value of the error function must be
found for the learning process to end correctly. This process is carried out using optimization
algorithms. Optimization is the method used to make difference between the output value

produced by the network and the actual value, that is, the error the smallest. There are 4
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optimization methods commonly used to minimize error rates in machine learning. These are

the ones that are going to SGD, Adagrad, RMSProp, and Adam methods.

3.3.2.2.1. SGD

In this algorithm, the training data is calculated with a specific training sample, not

completely. In this way, memory-related problem occurrence is reduced.

3.3.2.2.2. ADAGRAD

In this algorithm, t different learning coefficients are used for each parameter at each
step. The learning coefficient is not calculated manually and different updates are made for each
parameter. Each parameter has its learning speed. In the education process, the learning

coefficient gets smaller.

3.3.2.2.3 RMSPROP

This algorithm has been developed as an alternative to the extreme shrinkage of the
Adagrad learning function. Instead of using all of the past education values like Adagrad, the
exponentially weighted average of the values selected to a certain extent is used.

3.3.2.2.4. ADAM

This method uses weighted averages such as RMSPROP, and momentum changes are

also cached. It has small memory requirements and is well suited for large amounts of data and

parameter calculations.
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CHAPTER 1V
THE PROPOSED MULTIMODAL LEARNING APPROACH

Learning algorithms or models use different algorithms that correspond to produce sets
of assumptions and representations for the input dataset. Different hyperparameters settings are
made to improve learning result performance. A different approach is also carried out on
different educational data. In addition, the most promising approach uses data from different
methods and inputs such as processing both text and images of the input sample to provide
efficient representations to the input sample, and this is known as multi-modal learning (Ethem,

2018).

The aim of this thesis is to fusion the information obtained from some data collected
from Twitter where both image and text have been collected and a new dataset in the Turkish
language related to natural disasters has been created. Then, using three evaluators, the collected
samples were annotated as relevant to or irrelevant to natural disasters. Next, the created dataset
was used to build automated and multimodal classifiers that support the Turkish language. In
other words, social media content consists of messages, images, and videos. In some cases,
understanding the damage caused by natural disasters only from text is not enough in terms of
analysis, the effect of disaster is better understood using visual data. Text datasets from social
media platforms are widely used by researchers, and a limited number of studies have focused
on the use of other content such as images. This is because the number of tagged image datasets
related to disasters is very limited. Therefore, in this thesis, we aim to address this limitation by

presenting a Multimodal Turkish text and images dataset.

Recently, plenty of visual data, automated image classification tools have become
important items of the task of deep learning architectures. Visual contents provide varied
multimodal qualities, it offers a variety of sources of information that can be used to assist in
classification. Also, in this study, we examine the effect of textual and visual methods on
multimodal classifiers. We extract Turkish text and images from Twitter to process text and
visual contents. We present a deep learning approach using LSTM for text, while the visual
data(images) are processed using deep features extracted from a fully connected layer of
Alexnet based CNN. Finally, we perform a late fusion of classification scores. Multimedia

applications are very rich in content.
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In general, as shown in the literature reviews, most of them existing studies are focusing
and use a single data type, either text or image. The number of studies that use both image and
text data is very limited. In this respect, it is evaluated that this study will make an important
contribution to the literature. The results of scientific studies on the automatic extraction,
storage, and querying of semantic contents of multimedia applications are not yet satisfactory
enough. Therefore, more scientific research is needed on multimedia. In the coming period, the
subject will continue to be a hot and essential research topic. We apply these approaches (CNN
and LSTM workflows, respectively) in both visual data and textual data. Experimental results
show that the LSTM workflow performs better in textual data, and the CNN approach is better
at image modality. The relationship between text and visual methods is based on the underlying
dataset and annotation. As shown in Figure 4.1, we verify the integration of visual and textual
methods with multimodal techniques that perform better than single-mode baselines per dataset.

Briefly, Figure 4.1, shows the workflow of the proposed multimode.

Data Retrieval Feature Generation Classification

Level I
Semantic
Text Feature
Extraction ‘ Extraction
Tweet Multi Modal
Retrieval Classifier/
‘ Fusion
Image Vizual Feature | 3 Image
Extraction Extraction Classification

Figure 4.1. The workflow of the proposed multi-modal classification system.

In general, there are two basic approaches to automatically merging different models,
in our case text and images, early fusion and late fusion (Elahi et al., 2010). Early fusion,
working on combining the modes before classification (Meiiller et al., 2010). For example, if
you want to use If the properties are shown with vectors, a simple way of early fusion is to
connect or combine vectors (Yu et al., 2016). On the other hand, late fusion works on finding

the characteristics of each model separately and then combining the produced output (Wang
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and Li, 2017). As shown in (Meiiller et al., 2010), late fusion is usually and, in most cases,

when applied to multimode information acquisition outperforms early fusion.

In more detail, early fusion (CONCAT) works on finding the best features from each
multi-data (text and image), then each property is scaled to have zero average and standard
deviation. Then, the features of both text and image are combined in a single vector. Finally, a
classifier is trained on top of the standardized vector. Related to the late fusion (VOTING):
each modality such as the image and text are propagated through their classifier. Finally, the
output probabilities of both models are averaged, and the class is selected using the maximum
value. It is worth mentioning that a third type is known as Hybrid Fusion (GMU) exists and can
be used to support multiple languages(input text belongs to multiple languages). This type is

usually trained using the best features per modalities.
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CHAPTER V
EXPERIMENTS

In this section, we evaluate the proposed deep learning approach and some machine
learning algorithms for processing multimodal natural disaster classification tasks. It is worth
mentioning that building and training models from scratch are a very challenging stage, as it
requires a large number of training samples, and strong processors and GPUs. Instead, if we
retrain ready-trained models using the proposed dataset, such process will be much easier, and

a normally equipped computer will also be suitable for training such model.

In this work, achievement results were examined by retraining formerly trained models
in our dataset. Our experiments were conducted on a machine equipped with the Nvidia
GTX1650 GPU with Intel(R) Core (TM) 17-10750H CPU and 16 GB of RAM running the
Windows 10 Enterprise operating system. All code implemented and libraries are used are
implemented in Python. Google Colab environment is used for implementing the code. In this
study, which we developed using Python programming language, the Keras package allows us
to perform some preprocessing steps. Keras allows us to use datasets by a specific index

structure.

In the study, performance measurements were carried out with three separate
classifications; only tweet text, only tweet image, and tweet text and image together. The data
preprocessing steps and training performance results are described below. The performance of
the trained models is evaluated by multiple evaluation matrices such as accuracy, precision,

recall, and F1 Score.

5.1. Dataset

To make a multi-modal classification for natural disasters, in this study, data consisting
of Turkish language texts and their related images were collected from Twitter. Unfortunately,
until the time of this study, there is no Turkish tweet text and image dataset. Hence, we are
introducing the first dataset. The data to be used in the analysis of whether it is relevant to
natural disasters is taken from Twitter, which is a very widely used microblog. Figure 5.2 shows

the hashtags that are used to identify a disaster event. To create a new dataset;
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deprem(earthquake), yangin(fire), trafik kazasi(traffic accident), miisilaj(sea saliva), and
saganak(downpour) keywords were used. Five different separate datasets with text and image
data are created related to the mentioned natural disasters. However, as data may contain some
meaningless words and symbols, the cleanup is performed afterward. Then, three annotators
first read each tweet and view the related image(s), and then independently judged whether the
texts and images are related to the natural disaster or not. The majority judgment result was
applied for the final labeling. Manual annotation instructions are shown in Table 5.1 and Table

5.2 shows samples of collected tweets with keywords and classes.

Note that some people are sharing some irrelevant tweets during disasters with
keywords and hashtags related to the disaster to increase the number of views and shares.
Hence, it is important to distinguish tweets about the disaster. A sample of the collected
relevant and irrelevant tweets (text and image) for different natural disasters are shown in Figure
5.1. One of the main objectives of this thesis is to improve the multimodal classification of
informative tweets during natural disasters with combinations of text and image characteristics.
In the natural disaster classifications made so far, the focus has been on text characteristics in
general and no Turkish sources made with image characteristics have been found in the

literature.

Table 5.1. Manual annotation tasks and instructions

Task Instruction

Relevant | Ifthe text and image of the input tweet are related to one of the selected natural
disasters (#deprem, #yangin, #saganak, #trafik accident, #miisilaj), the tweet
will be tagged about that natural disaster.

Irrelevant | If the text and image of the input tweet are not related to one of the selected
natural disasters (#deprem, #yangin, #saganak, #trafik accident, #miisilaj), the
tweet will be considered and tagged as irrelevant.
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Table 5.2. Sample of tweets with keywords and classes

Keyword Tweet Meaning Class
Deprem | Bian ucgagin giiriiltiisii zannettim | At one moment I thought it was | Irrelevant
agaclar salland1 #deprem the noise of the plane, the trees

shook #deprem
Deprem | #SONDAKIKA #deprem Son | Last-minute... Terrifying | Relevant
dakika... Ege Denizi'nde | earthquake in the Aegean Sea
korkutan deprem
Yangin Her tiinelin sonundaki 1s181n | I'm tired of the light at the end | Irrelevant
aslinda  yangin  olmasindan | of every tunnel being a fire.
stkildim
Yangin @UrfahaberNet : Sanlurfa Yar1 | @UrfahaberNet Fire at | Relevant
Acik Cezaevi'nde yangin: Itfaiye | Sanliurfa Semi-Open Prison:
miidahale etti Fire brigade intervenes
Trafik Ceyhan Zabita Miidiirii Ali Akar | Ceyhan Police Chief Ali Akar I | Irrelevant
Kazasi Gegirmis Oldugu Trafik kazasi | wish urgent healing to my
Nedeniyle  Sehir  Hastanesi | friend in the Intensive Care
Yogun Bakimda Arkadagima | Unit of The City Hospital due
Acil Sifalar diliyorum to the traffic accident he has
had
Trafik Konya’da trafik kazasi: 1 yarali | Konya traffic accident: 1 | Relevant
Kazas1 injured
Miisilaj Yalan Uydurmanin ve Yaymanin | There's No Cure for Lying and | Irrelevant
Tedavisi Yok. Asist Yok. Spreading. There's no vaccine.
Yalan Siyaseti Hakkinda “Siyasi We declared "Political
Miisilaj” Tlan Ettik. Sea saliva" about the Politics of
Lies.
Miisilaj [zmit Korfezi'nin bazi | Sea saliva density decreased in | Relevant
kesimlerinde miisilaj yogunlugu | parts of Izmit Bay
azaldi
Saganak | ORDU'DA SAGANAK YAGIS; | DOWNPOUR IN ORDU; THE | Relevamt
YOLLAR GOLE DONDU! ROADS ARE TURNED INTO
LAKES!
Saganak | Dubai drone yagmurlari ile | Dubai is trying to turn the | Irrelevant

saganak yagmur ile ¢6lii ormana
cevirmeye calisiyor. Yasanacak
iilke c¢evre olusturmak bina
koprii dikmek cok kolaydir kisa
stirelidir ama insanin zihnine
insanlig1, diisiinceyi, dogruyu,
bilgiyi ingaa etmek kadar zor
birsey yoktur.

desert into a jungle with drone
rains. It is very easy to build a
building bridge to create a
country of life, but there is
nothing more difficult than
building humanity, thought,
truth, knowledge into one's
mind.
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RELEVANT

Son dinemler orman yangilarimn baslangig

St kot yanm ve bitis noktalan dikkatimi cekivor.

IRRELEVANT

Bakan Pakdemirli, vangin komuta
aracmdan takip ediyor

RELEVANT

Her bovutuyla afete hanrhl, bu tir felaketlerin olnzturacagn
vikamu en a7a indirmek icin hizhca vapmamiz gereleen tele sevdir.

= i -
o | T 7AGUSTOS .
} _' a3 sariyede Goen Folake! ¥
= g @
= a . UNUTMADIK.

Unutmak miimkiin degil..

Bazn aalar dilsizdir... ; "
#17A#ustos1999 https:it.co/3VILEWn2eF #1TAgustos1999 https:/t.co/fFwrnyO3IKS

Figure 5.1. Sample images along with their text from collected tweets

It is known that one of the factors to develop a deep learning model, is to have non-
overlapping train/dev/test sets, where the used dataset is often randomly split into train/dev/test
sets. As shown in Table 5.3, in our study, we made the division process at a rate of 70%, 15%,

and 15%, respectively. Note that these are subsets of the datasets reported in Table 5.4.
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Table 5.3 Number of samples in different splits of our datasets.

Train (70%) Dev (15%) Test (15%) Total (100%)

Text Image | Text Image | Text Image | Text Image
Relevant | 6015 | 5007 1288 755 1288 755 8591 | 6517
Irrelevant | 5894 | 4512 263 967 1263 967 8420 | 6447

o .

g a_éf’ifvf][/(“
.’.Iit_

afik ezt
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_‘,_r‘/(if Uo&» L

Figure 5.2. Sample of hashtags used for data collection.

Table 5.4 Number of samples for each sub-dataset.

Disaster Datasets # Relevant Tweets #Irrelevant Tweets
Deprem Dataset 1 2596 2400

Yangin Dataset 2 1450 1448

Trafik Kazasi Dataset 3 1718 1692

Miisilaj Dataset 4 800 780

Saganak Dataset 5 2029 2100

In the following experiments, the performance of ensemble systems and state-of-the-art

52

CNN models that were originally developed for unimodal and multimodal classification was
examined using all the five datasets that have been created. To provide the quality of the
achieved results, five datasets, which contain samples of balanced relevant and irrelevant texts

and images sequentially, were used to compare the performance of the mentioned models.




5.2. Unimodal Classification

In this section, Unimodal image and text approaches were trained separately for each

natural disaster (deprem-earthquake, yangin- fire, trafik kazasi-traffic accident, miisilaj-

mucilaj, saganak- downpour). Table 5.3 shows samples of tweets with keywords and classes

and the number of samples are given in detail in Table 5.4.

Experiment 1. Performance of Unimodal Classification (Image and Text)

For the Unimodal image experiment, we used five different CNN architectures. Figure

5.3 and Table 5.5 reports the accuracy and the F1 Score for the tested CNN models. The main

aim of this experiment is to choose the best architecture that will be later adapted and used for

multimodal fusion. As a result, although all models achieved almost similar performance,

“Mouzannar’s CNN modell” performed marginally better than other models in the validation

set, and were also the fastest model for training and forecasting.

Table 5.5. Performance of the selected CNN models when used for image classification

State of Art CNN Models
/ Dataset

CNN_Modell
(Mouzannar,2018)

CNN_Model2
(Alam,2020)

VGG19
ResNet50

Inception_ResnetV2

(unimodal).
Datasetl Dataset2 Dataset3 Dataset4 Dataset5
F1 F1 F1 F1 F1
Acc Score Acc Score Acc Score Ace Score Acc Score

0.8548 0.852 0.8522

0.8321 0.8309 0.8295
0.7183 0.7169 0.717
0.7333  0.7315 0.7319
0.8313 0.8316 0.8291

0.8501 0.8578

0.8287 0.8342
0.7157 0.7219
0.7302 0.7385
0.8275 0.8342
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0.8552 0.8601

0.8321 0.8344
0.7203 0.7238
0.7364 0.7407
0.8327 0.8369

0.8579 0.8512

0.8323 0.8301
0.7217 0.7141
0.7386 0.7311
0.8342 0.8301

0.8479

0.8279
0.7119
0.7381
0.8279
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CNN_Model1 CNN_Model2 VGG19 ResNet50 Inception_Resnetv2

Figure 5.3. Performance of the selected CNN models when used for image classification

(unimodal).

We applied LSTM and Kim's CNN architecture for the text model (Kim, 2014). We
compared pre-trained Glove, Word2Vec, and BERT with three different word embeddings.
Table 5.6 summarizes the performance results of CNN and an LSTM model, which is reserved
for training and tested in a validation set. The number of filters did not have a significant effect
on accuracy; the default parameters of the network were effective for this text model.
Word2Vec outperformed GloVe by more than 1% in the validation set, but BERT marginally
outperformed both Word2Vec and GloVe.

Table 5.6. Performance of the classifiers using multiple embedding approach.

Classifier Word Accuracy | Precision | Recall | F1-Score
Embedding

Proposed Glove 0.8644 0.8581 | 0.8704 0.8642

Model LSTM " word2vec 0.8721 | 0.8643 08769  0.8701

BERT 0.8795 0.8702 | 0.8845 0.8772

CNN(Kim,2014) | Glove 0.8498 0.8421 | 0.8546 0.8483

Word2Vec 0.8547 0.8495  0.8592 0.8543

BERT 0.8576 0.8531 0.8607 0.8568
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Figure 5.4. Performance of the classifiers using multiple embedding approach.

Experiment 2. The Effects of Preprocessing the Tweets on the Performance of the ensemble

and deep learning models for unimodal text classification.

The performance of the possible ensemble systems that are applied using 14 different
machine learning algorithms on Turkish tweets. The results are shown in Table 5.8 and Figure

5.5. Based on the results, Gradient Boosting has achieved the best performance.

Table 5.7 shows that preprocessing affects the performance of the classifiers. In addition

to this, the objective of this experiment is to find how the performance can be affected by either

preprocessing the data or using it directly.

Table 5.7. Accuracy of classifiers with/without preprocessing.

Accuracy/ Accuracy/ Improvement
Classifier With Preprocessing Without Preprocessing %
Proposed
Model LSTM 0.8721 0.8542 2,08
CNN(Kim,2014) 0.8547 0.8435 1,3
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Table 5.8 Accuracy of ensemble systems with/without the preprocessing

Classifiers Accuracy/ Accuracy / Improvement
Without With %
Preprocessing Preprocessing
Nearest Neighbors | 0.6576 0.6593 0,26
Linear SVM 0.5762 0.5881 2,02
Polynomial_SVM | 0.5661 0.5814 2,63
RBF_SVM 0.5203 0.6000 13,28
Gaussian_Process | 0.5457 0.6322 13,68
Gradient_Boosting | 0.7980 0.8051 0,88
Decision_Tree 0.6610 0.7016 5,79
Extra_Trees 0.7796 0.7898 1,29
Random_Forest 0.7339 0.7593 3,35
Neural Net 0.6136 0.6779 9,49
AdaBoost 0.7135 0.7356 3,00
Naive Bayes 0.5474 0.5831 6,12
QDA 0.5711 0.6051 5,62
SGD 0.5406 0.5458 0,95
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Figure 5.5. The accuracy of all models with and without the preprocessing operation.
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5.3. Multimodal Classification

Experiment 3. Performance of the State of Art Deep Learning Models

Based on the results using the validation set, we selected Mouzannar’s CNN model and
the BERT- LSTM text model for the multimodal classifiers. First of all, we evaluated the late
fusion approach. For rule-based classifiers, text data was trained with LSTM and image data
with CNN classifiers to implement the weighted maximum decision rule model. Performance

results are shown in Table 5.9 and Figure 5.6.

Table 5.9. Accuracy, precision, recall, and F1 score for the proposed model

BERT LSTM- CNN Datasetl Dataset2 Dataset3 Dataset4 Dataset5

Accuracy 91.87 88.46 90.87 91.07 91.23
Precision Score 90.34 81.81 89.12 89.63 90.03
F1 Score 91.28 87.8 88.89 90.44 91.05
Recall Score 92.25 90.73 91.16 91.28 92.11
B Accuracy [ Precision Score F1Score [ Recall Store

Dataset1

Dataset2

Dataset3

Datasetd

Datasetb

0 25 50 75 100

Figure 5.6. Accuracy, precision, recall, and F1 score for the proposed model.
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Table 5.10 shows the performance comparisons of three states of art deep learning
methods such as CNN(Word2Vec) — CNN (Nyugen,2017), LSTM (Word2Vec)-
CNN(Mouzannar,2018), and Proposed Model LSTM(BERT) — CNN. Based on the results, the

proposed method has the best performance.

Table 5.10. Performance comparisons of the state-of-art deep learning models

Models Datasets | Precision | Recall F1 Score | Accuracy
CNN (Word2Vec) — CNN Datasetl | 85.93 87.13 86.52 86.47
(Nyugen, 2017) Dataset2 84.42 85.82 85.11 85.12
Dataset3 85.08 86.14 85.60 85.62
Dataset4 84.63 85.94 85.27 85.44
Dataset5 85.15 86.36 85.75 85.93
LSTM (Word2Vec)- CNN Datasetl | 90.72 91.95 91.33 91.46
(Mouzannar, 2018) Dataset2 | 87.45 88.93 88.18 88.15
Dataset3 89.77 91.02 90.39 90.38
Dataset4 89.69 90.94 90.31 90.47
Dataset5 90.29 91.71 90.99 91.07
LSTM (BERT)- CNN Datasetl | 90.34 92.25 91.28 91.87
Proposed Model Dataset2 81.81 90.73 87.80 88.46
Dataset3 89.12 91.16 88.89 90.87
Dataset4 89.63 91.28 90.44 91.07
Dataset5 90.03 92.11 91.05 91.23

In this thesis, we discover that accuracy from classification models for the late fusion of
text and image performed better and made the classification more effective. In Table 5.11 we
proffer the performance results achieved for different modalities. Text-only unimodal performs
better than image-only unimodal. Particularly, multimodal models provide a further

performance improvement.

Table 5.11. Performance comparison of different modalities

Training Modality Accuracy Precision Recall F1 Score

Modal

Unimodal Image 85.48 84.87 86.55 85.20
Text 87.95 87.02 88.45 87.92

Multimodal ~ Text + Image 91.87 90.34 92.25 91.28
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CHAPTER IX
CONCLUSION AND FUTURE WORKS

Information collected from different data modalities obtained from social media for
disaster response is very useful. Although the images shared on social media contain
significantly beneficial information, the studies carried out so far have focused on text analysis.
In this thesis, both text and images taken from social media are classified, and a new model is
created. In particular, deep learning architectures were used to make the multimode
classification system. In the experimental section that was carried out on the proposed datasets
created on real disasters, the usefulness of the method proposed in the thesis is revealed. In this
sense, we also state that improvements can be made for future studies in our system, where

texts and images are classified multimodal in Turkish.

The late fusion was used to achieve multimodal classification; Also, a pre-trained BERT
- LSTM model is used in text modal while a pre-trained CNN model is used in visual modal.
Concatenating both inputs in a multimodal learning architecture achieved an accuracy of
91.87%. It can be seen from the accuracy result that a multimodal deep learning method can
improve the classification accuracy of disaster events, and classified data may help authorities

to make the most suitable decisions on time.
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