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Abstract
At the beginning of natural disasters, obtaining timely and accurate information is of great

importance for effective response and recovery efforts. Social media platforms like Twitter play

a critical role in providing real-time updates, eyewitness accounts, and requests for assistance.

Rapidly assessing this information, including identifying informative tweets and their categories,

is vital for directing resources and prioritizing rescue operations. Deep learning (DL) methods

have proven effective in disaster classification tasks involving both text and image data. Building

upon this foundation, my research aims to further leverage advanced deep learning models to

enhance the classification of disaster-related posts on X (formerly known as Twitter).

Given the challenges associated with labeling datasets in the immediate aftermath of a dis-

aster—when data needs to be analyzed in real-time for urgent damage and situational awareness

information, and manual annotation by experts is time-consuming—I have investigated methods

suitable for handling smaller labeled datasets. These methods were evaluated in both in-domain

and cross-domain settings to assess their effectiveness across datasets with similar and different

characteristics. Additionally, the performance of the models was explored in few-shot and zero-

shot settings, acknowledging the scarcity of labeled data as a disaster unfolds. In particular, the

potential of Large Language Models (LLMs), due to their generalization capabilities from exten-

sive pretraining and scale, was explored for zero-shot and few-shot settings. Results showed that

LLMs are invaluable for quick response efforts in disaster situations at the beginning of a crisis.

These advancements aim to improve situational awareness and optimize resource allocation

during disaster events, ultimately contributing to the reduction of human and economic tolls.
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Chapter 1

Introduction

Social media has a great impact on our daily lives, and has become an important source of infor-

mation in the recent years. When a disaster (such as a flood, earthquake, hurricane) strikes a place,

many people use social media as a medium of communication, given that traditional emergency

phone services may become unavailable due to a large volume of calls (Saroj and Pal, 2020).

Therefore, social media is of great importance in disaster response and management, and has

been ranked the fourth among popular sources for acquiring emergency information (Lindsay,

2011; Kim and Hastak, 2018). This information was provided in a survey study by the American

Red Cross. According to this study, the first three popular communication channels for getting

information about an emergency (such as a power outage, severe weather, flash flood, hurricane,

earthquake, or tornado) are TV news (with 63%), Local radio station (44%), online news (e.g.,

local news sites, weather.com, CNN.com) (37%), respectively; and the fourth one is Facebook

(14%), a social media platform. In total, one in six (16%) have used social media to get informa-

tion about an emergency1. Affected people in disaster zones can use social media (e.g., Twitter)

to ask for help or to share emergency information (Kim and Hastak, 2018). Such information can

be utilised by humanitarian organizations to facilitate post-disaster rescue and relief operations,

guide the allocation of resources, and improve the real-time response overall (Alam et al., 2020a).

1See the American Red Cross, “Social Media in Disasters and Emergencies,” blog, August 5, 2010, at http:
//www.slideshare.net/wharman/social-media-in-disasters-and-emergencies-aug-5.

1

http://www.slideshare.net/wharman/social-media-in-disasters-and-emergencies-aug-5
http://www.slideshare.net/wharman/social-media-in-disasters-and-emergencies-aug-5


Although such information is valuable, being posted in real-time by eyewitnesses of disasters,

the amount of information posted is extremely large, and can be noisy, repetitive or even irrelevant.

In fact, as soon as a disaster emerges, some people start to sympathize with the victims, express

thanks to rescue organisations, repost the same content and so forth (Roy et al., 2021). Therefore, it

is of great importance to effectively filter and prioritise relevant and informative content. However,

manually filtering relevant information is a hard task due to the large volume and high velocity of

data, and thus, automatic filtering techniques are required (Wang et al., 2021).

1.1 Deep learning for social media filtering in disasters

Deep learning has shown remarkable success across diverse application domains, ranging from

natural language processing and image recognition to medical diagnosis and autonomous driving,

and its effectiveness extends to disaster management, as well. These models serve as crucial

automatic filtering techniques, enhancing disaster response capabilities by efficiently filtering and

categorizing the vast volume of user-generated content associated with such events through social

media. By leveraging the power of deep learning algorithms, we can analyze real-time data during

disasters in a timely-manner, facilitating rapid identification of critical information and enhancing

decision-making processes for emergency responders to improve their response operations and

allocation of resources.

In this dissertation, I have explored the application of deep learning methodologies for rapidly

and accurately filtering social media content, including text and images shared by affected indi-

viduals, during disaster events.

1.1.1 Crisis-related tweet classification

Recent studies have used deep learning (DL) methods for the purpose of processing crisis-related

social media data for extracting relevant posts out (Roy et al., 2021; Alam et al., 2023; Khajwal

et al., 2023; Sathishkumar et al., 2023; Li and Caragea, 2020; Kabir and Madria, 2019; Li et al.,

2



2018). In particular, the effectiveness of transformer-based models (e.g., BERT) in terms of clas-

sifying disaster tweets has been shown. For example, in a recent study by Alam et al. (2020b),

BERT-type models had better performance as compared to convolutional neural networks (CNN)

and FastText models (Joulin et al., 2016), and are currently considered to be state-of-the-art mod-

els for disaster tweet classification.

1.1.2 Crisis-related image classification

While early studies have focused on text analysis, more recent studies have also addressed the

analysis of social media images, as images have been shown to contain useful situational aware-

ness information that complements or adds to the information available in text (Imran et al.,

2020a). Specifically, social media images provide detailed on-site information from the perspec-

tive of the eyewitnesses of the disaster (Bica et al., 2017), and can serve as an ancillary, yet

rich source of visual information in disaster response. Several image and multi-modal image/text

datasets have been published (Nguyen et al., 2017; Alam et al., 2018a; Mouzannar et al., 2018a),

and contributed to advances in the area of image classification for disaster response. Nguyen et al.

(2017) used CNNs to perform damage assessment, while Li et al. (2019) used domain adver-

sarial neural networks (DANN) to identify damage images. Agarwal et al. (2020) proposed a

multi-modal framework, called Crisis-DIAS, which uses both textual and visual information from

tweets. Madichetty (2020) also used both image and text features to classify crisis-related tweets.

The method proposed by Madichetty (2020) is a combination of a CNN and a standard Artificial

Neural Network (ANN). The ANN was used for the text-based classification component of the

model, while a fine-tuned VGG-16 architecture was used for the image-based classification com-

ponent of the model. Afterwards, the late fusion technique was used to combine the output of these

two models to determine if the tweet should be labeled as Informative or Non-informative. Nal-

luru et al. (2019) used both the semantic text and image features and combined them to classify

multi-modal tweet posts. Abavisani et al. (2020) also used a multi-modal fusion approach, in or-

der to detect crisis events for three different tasks based on the combination of information in both
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images and text.

As evident from the applications discussed above, deep learning (DL) methods have proven

effective in disaster classification tasks involving both text and image data. Building upon this

foundation, my research aims to further leverage more advanced DL models to enhance the clas-

sification of disaster-related text and image posts on Twitter. Given the challenges associated with

labeling datasets in the immediate aftermath of a disaster, which is both impractical and costly,

I have investigated methods suitable for handling smaller labeled datasets. Additionally, I have

explored these methods in both in-domain and cross-domain settings to assess their effectiveness

across datasets with similar characteristics, from the same domain and from different domains.

Furthermore, I have evaluated the performance of the models in few-shot and zero-shot settings,

to account for the fact that labeled data may be scarce or entirely absent as a disaster unfolds. I

will present the main contributions of my research in the next section.

1.2 Contributions of this dissertation

The contributions of this dissertations are as follows, which will be further discussed in details in

Chapters 2, 3, 4, 5, respectively.

1.2.1 Disaster image classification using capsule networks

From a disaster response point of view, it is important to filter posts, in particular, text and images

that provide situational awareness information, in a timely manner. For image classification, cap-

sule networks (Sabour et al., 2017; Hinton et al., 2018) have shown superiority over convolutional

neural networks (CNN). Given their success in other application domains (Kim et al., 2018; Zhao

et al., 2019a; LaLonde et al., 2020; Jiménez-Sánchez et al., 2018; Afshar et al., 2020; Mobiny

et al., 2020; Mittal et al., 2020), in this study, I used capsule networks to classify disaster images

as Informative or Non-informative.

To complement previous related approaches that have addressed the limitations posed by the
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scarcity of the labeled data, I proposed to use capsule networks for classifying disaster images

posted during disasters as Informative or Non-informative. One of the main properties of capsule

networks is the property of equivariance, which captures the spatial relationship between fea-

tures (Patrick et al., 2019). Jiménez-Sánchez et al. (2018) used capsule networks to analyze medi-

cal images and showed that the equivariance property of capsule networks translates to models that

can be effectively trained with a smaller number of labeled data points as compared to the stan-

dard convolutional neural networks. As an added benefit, they also showed that capsule networks

have the ability to handle imbalanced datasets. As disaster image datasets are both small and

imbalanced, capsule networks represent an attractive approach for disaster image classification.

Therefore, this work presents a case study of capsule networks to disaster image classification.

Using the publicly available dataset of CrisisMMD provided by Alam et al. (2018a) (which

was assembled by collecting tweets during seven natural disasters including, Hurricane Irma, Hur-

ricane Harvey, Hurricane Maria, California Wildfires, Mexico Earthquake, Iraq-Iran Earthquake,

and Sri Lanka Floods), I compared capsule network models with ResNet-18 models, for both in-

domain and cross-domain settings.

The contributions for this study are as follows (and will be described in detail in Chapter 2):

• I used CapsNet models to classify disaster images. To the best of my knowledge, this study

is the first to use CapsNets for disaster image classification.

• I conducted in-domain experiments and compared CapsNet models with CNN models to

investigate how the CapNets handle smaller amounts of labeled data, as compared to the

standard CNN models. Specifically, I used CapsNets with ResNet-18 as a backbone, and

compared them with ResNet-18 baselines. The experiments were run on seven different

crisis datasets.

• I also conducted cross-domain experiments using both CapsNet and ResNet-18. The pur-

pose of these experiments was to study the ability of the CapsNet models to transfer knowl-
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edge from a prior source domain to the target domain, as compared to the ResNet-18 base-

lines. I ran experiments on a variety of source-target disaster pairs (formed using the seven

crisis datasets from the in-domain setting).

The results showed that the capsule network models had better performance for all the disaster

datasets considered in the in-domain experiments, and also for most of the cross-domain pairs of

disasters used in the study.

1.2.2 Disaster image classification using pre-trained transformer and con-

trastive learning models

In this project, I studied the use of advanced transformer and contrastive learning models for

disaster image classification in a humanitarian context, with focus on state-of-the-art pre-trained

vision transformers such as ViT (Dosovitskiy et al., 2020), CSWin (Dong et al., 2022) and a state-

of-the-art pre-trained contrastive learning model, CLIP (Radford et al., 2021). I evaluated the

performance of these models across various disaster scenarios, including in-domain and cross-

domain settings, as well as few-shot learning and zero-shot learning settings. The results showed

that the CLIP model outperforms the two transformer models (ViT and CSWin) and also Con-

vNeXts (Liu et al., 2022), a competitive CNN-based model resembling transformers, in all the

settings. By improving the performance of disaster image classification, this work can contribute

to the goal of reducing the number of deaths and economic losses caused by disasters, as well as

helping to decrease the number of people affected by these events.

The contributions of this study are as follows (and will be described in detail in Chapter 3):

• I used pre-trained transformer models (ViT, CSWin), CLIP (the image encoder based on

ViT) and ConvNeXts (a CNN-based model which resembles transformers) for disaster im-

age classification, as shown in Figure 1.1. To the best of my knowledge, this study is the

first one to use contrastive learning for disaster image classification.
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Figure 1.1: Overview of Methodology

• I studied the pre-trained CLIP model on disaster image classification in a zero-shot transfer

learning setting.

• I also studied the models in a few-shot learning setting (with 1/5/10/20 instances per class,

respectively) and compared the results of the few-shot models with those of the CLIP model

in zero-shot setting, which can be seen as a lower-bound, as well as with the results obtained

through fine-tuning the pre-trained models using all the data available, which can be seen as

an upper-bound.

• I explored CLIP in several other experimental settings, including in-domain transfer and

cross-domain transfer, which further involved two sub-settings of one-versus-one and all-

but-one.

• The results showed that CLIP exhibits strong generalization capability across different dis-

asters and consistently achieves the best overall performance in various settings. These

findings suggest that CLIP is a strong candidate for disaster image classification tasks.

1.2.3 A comparison study for disaster tweet classification using deep learn-

ing models

Deep learning approaches, including recurrent neural networks and transformer-based models,

have been previously used for disaster tweet classification (Alam et al., 2020b). Capsule Neural
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Networks (CapsNets), initially proposed for image classification, have been proven to be useful

for text analysis, as well. However, to the best of our knowledge, CapsNets have not been used for

classifying crisis-related messages, and have not been extensively compared with state-of-the-art

transformer-based models, such as BERT (Devlin et al., 2018). Therefore, in this study, I per-

formed a thorough comparison between CapsNet models, state-of-the-art BERT models and two

popular recurrent neural network models that have been successfully used for tweet classifica-

tion, specifically, LSTM and Bi-LSTM models, on the task of classifying crisis tweets both in

terms of their informativeness (binary classification), as well as their humanitarian content (multi-

class classification). For this purpose, I used three datasets for crisis tweet classification, namely

CrisisNLP (Imran et al., 2016a), CrisisLex (Olteanu et al., 2014), and CrisisBench (Alam et al.,

2020b).

While CrisisNLP dataset includes tweets from 19 disasters that occurred between years 2013

and 2015 (Imran et al., 2016a), CrisisLex (Olteanu et al., 2014) is a combination of two datasets,

specifically, CrisisLexT26 (consisting of tweets from 26 disasters which happened during 2012

and 2013) and CrisisLexT6 (consisting of tweets from 6 disasters which happened between Oc-

tober 2012 and July 2013). On the other hand, CrisisBench is a benchmark dataset constructed

by Alam et al. (2020b), which is a consolidation of eight prior datasets, specifically, CrisisLex,

CrisisNLP, SWDM2013, ISCRAM2013, Disaster Response Data (DRD), Disasters on Social Me-

dia (DSM), CrisisMMD, and AIDR.

The main contributions for this study are summarized as follows (and will be described in

detail in Chapter 4):

• I compared CapsNets with state-of-the-art BERT-type models and also LSTM/Bi-LSTM

models for text classification, including binary and multi-class classification tasks.

• I focused on the tasks of classifying crisis-related tweets in terms of both their informative-

ness with respect to disaster response (binary classification) and their humanitarian content

(multi-class classification).
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• I performed an extensive set of experiments using three datasets: CrisisLex, CrisisNLP, and

CrisisBench, with the last one being a benchmark dataset consolidating eight prior datasets.

Experimental results showed that the performance of the CapsNet models is on a par with that

of LSTM and Bi-LSTM models for all metrics considered, while the performance obtained with

BERT models have surpassed the performance of the other three models across different datasets

and classes for both classification tasks, and thus BERT could be considered the best overall model

for classifying crisis tweets.

1.2.4 Exploring the potential of large language models for disaster tweet

classification in zero-shot and few-shot settings

Large Language Models (LLMs) demonstrate their ability to handle complex tasks across vari-

ous domains, highlighting their advanced reasoning capabilities (Nguyen et al., 2023). The study

conducted by Brown et al. (2020) demonstrated that scaling up language models can lead to com-

parable or superior performance compared to previously leading fine-tuned models. For example,

they highlighted that for NLP tasks, GPT-3 performs well in zero-shot (predicting class labels

for text instances from unfamiliar categories without the need for labeled training examples) and

one-shot settings and occasionally surpasses state-of-the-art fine-tuned models in few-shot sce-

narios (involving the model’s exposure to only a few instances of labeled training examples for

each class). Llama 2 (Touvron et al., 2023a) is another popular LLM, which is open-source and

has been shown to be competitive with cutting-edge closed-source LLMs. The released Llama

2 family comprises pretrained and fine-tuned models, which are characterized by their extensive

pretraining and expansive parameter size, yielding exceptional generalization capacities. This en-

ables them to excel even in tasks for which they were not explicitly trained, showcasing the unique

strengths of Llama 2 in zero- and few-shot learning scenarios.

In disaster scenarios, where there are limited instances available in the initial stages, em-

ploying LLMs allow us to assess their performance in zero-shot, one-shot, and few-shot settings.
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Therefore, in this study, the focus is on evaluating two widely used LLMs, namely Chat-GPT(gpt-

3.5-turbo) and Llama 2 for both informativeness and humanitarian tasks of three datasets of Cri-

sisBench, CrisisNLP, and CrisisLex.

The main contributions for this study are summarized as follows (and will be described in

detail in Chapter 5):

• I utilized ChatGPT and Llama 2 in zero-shot and few-shot learning settings.

• I conducted experiments with Llama 2 in zero-shot, one-shot, and five-shot settings, and

with ChatGPT in zero-shot and one-shot settings for both tasks.

• I compared the results of these two LLMs with three selected fine-tuned models from the

previous chapter, namely BERT (the best performer), CapsNet with static routing (chosen

for its comparable performance to dynamic routing), and Bi-LSTM (slightly better than

LSTM), by including their F1 score comparisons.

The experimental results and extended comparison showed that the fine-tuned BERT model re-

mains the best for the tasks considered. However, ChatGPT and Llama 2, particularly ChatGPT,

showed promising results in low-resource settings typical of post-disaster scenarios. ChatGPT

performed well even with one-shot learning, outperforming Llama 2 in most zero-shot, one-shot,

and five-shot settings, and nearly matching the CapsNet model. This makes ChatGPT a strong

candidate for emerging crises where labeled data is scarce and real-time data filtering is needed.

1.3 Summary

Corresponding to the contributions listed above, this dissertation includes three peer-reviewed

conference papers and a book chapter as follows:

• Soudabeh Taghian, Doina Caragea, Nikesh Gyawali, “Disaster Tweet Classification Using

Fine-tuned Deep Learning Models Versus Zero and Few-shot Large Language Models,” in

Communications in Computer and Information Science, 2024. In press.
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• Soudabeh Taghian, Doina Caragea, “Disaster Image Classification Using Pre-trained Trans-

former and Contrastive Learning Models,” in Proceedings of the 2023 IEEE 10th Interna-

tional Conference on Data Science and Advanced Analytics (DSAA), pp. 1-11, October

2023. DOI: 10.1109/DSAA60987.2023.10302517

• Soudabeh Taghian, Doina Caragea, “A Comparison Study for Disaster Tweet Classification

Using Deep Learning Models,” In Proceedings of the 12th International Conference on Data

Science, Technology and Applications - DATA, Vol. 1. SCITEPRESS-Science and Technol-

ogy Publications, pp. 152-163, January 2023. URL: https://www.scitepress.

org/Link.aspx?doi=10.5220/0012129300003541

• Soudabeh Taghian, Doina Caragea, “Disaster Image Classification Using Capsule Net-

works,” in Proceedings of the 2021 International Joint Conference on Neural Networks

(IJCNN), pp. 1-8, July 2021. DOI: 10.1109/IJCNN52387.2021.9534448

Additionally, I performed experiments utilizing ChatGPT as a large language model to com-

pare it with the Llamda 2 model. However, these experiments are not part of the above-listed

publications and will only be reported within this dissertation.
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Chapter 2

Disaster image classification using capsule

networks

2.1 Introduction

Social media has a great impact on our daily lives, and has become an important source of in-

formation in the recent years. When a disaster (such as a tsunami, earthquake, flood, hurricane)

strikes a place, many people use social media as a medium of communication, given that tradi-

tional emergency phone services may become unavailable due to a large volume of calls (Saroj and

Pal, 2020). Therefore, social media is of great importance in disaster response and management,

and has been ranked the fourth among popular sources for acquiring emergency information (Kim

and Hastak, 2018). Affected people in disaster zones can use social media (e.g., Twitter) to ask

for help or to share emergency information (Kim and Hastak, 2018). This information should be

filtered in a timely manner, so that disaster planners and responders can use it to improve their

response operations and allocation of resources.

There have been many studies on the use of deep learning approaches for filtering useful situa-

tional information from tweets. Some studies have focused on getting information from either

texts (Caragea et al., 2016; Nguyen et al., 2016; Alam et al., 2018b; Taghian and Caragea, 2023a)
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or images (Nguyen et al., 2017; Li et al., 2019; Imran et al., 2020b), while others have considered

both text and images together (Abavisani et al., 2020; Ofli et al., 2020). For training a supervised

deep learning model, a large number of data points is needed. However, in the case of a disaster,

manually labeling data can be expensive and time consuming, and thus the number of data points

is limited (especially in the early hours of a disaster). This problem can be somewhat alleviated

by using data augmentation techniques and pre-trained models (Alom et al., 2019), or sometimes

using labeled data from previous disasters, together with domain adaptation techniques, to train

classifiers for a disaster of interest (Li et al., 2019; Alam et al., 2018b). It has been shown that this

approach is much more useful if the previous disaster is of different nature to the current one (Li

et al., 2019).

To complement previous approaches that address the limitations posed by the scarcity of the la-

beled data, we propose to use capsule networks for classifying disaster images posted during

disasters as Informative or Non-informative. One of the main properties of capsule networks is

the property of equivariance, which captures the spatial relationship between features (Patrick

et al., 2019). Jiménez-Sánchez et al. (2018) used capsule networks to analyze medical images

and showed that the equivariance property of capsule networks translates to models that can be

effectively trained with a smaller number of labeled data points as compared to the standard con-

volutional neural networks. As an added benefit, they also showed that capsule networks have the

ability to handle imbalanced datasets. As disaster image datasets are both small and imbalanced,

capsule networks represent an attractive approach for disaster image classification. Therefore, this

work presents a case study of capsule networks to disaster image classification.

Given this context, our key contributions are as follows:

• We used CapsNet models to classify disaster images. To the best of our knowledge, our

study is the first to use CapsNets for disaster image classification.

• We conducted in-domain experiments and compared CapsNet models with CNN models to

investigate how the CapNets handle smaller amounts of labeled data, as compared to the

standard CNN models. Specifically, we used CapsNets with ResNet-18 as a backbone, and
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compared them with ResNet-18 baselines. The experiments were run on seven different

crisis datasets.

• We also conducted cross-domain experiments using both CapsNet and ResNet-18. The

purpose of these experiments was to study the ability of the CapsNet models to transfer

knowledge from a prior source domain to the target domain, as compared to the ResNet-18

baselines. We ran experiments on a variety of source-target disaster pairs (formed using the

seven crisis datasets from the in-domain setting).

The rest of the chapter is organized as follows: We describe related work in Section 2.2, and

provide background and approaches, including a brief description of ResNet-18 architecture and

Capsule Networks, in Section 2.3. We introduce the experimental setup in Section 2.4, while

presenting and discussing the results in Section 2.5. Finally, we conclude the chapter and provide

ideas for future work in Section 2.6.

2.2 Related work

Works related to this chapter fall into two categories, specifically works on disaster image classi-

fication and works on capsule networks, as discussed below.

2.2.1 Disaster image classification

Many studies have used social media data to identify useful information for disaster response (Saroj

and Pal, 2020). Early studies have focused on text analysis. However, more recent studies have

also addressed the analysis of social media images, as images have been shown to contain use-

ful situational awareness information that complements or adds to the information available in

text (Imran et al., 2020a). Specifically, social media images provide detailed on-site information

from the perspective of the eyewitnesses of the disaster (Bica et al., 2017), and can serve as an

ancillary, yet rich source of visual information in disaster response.
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Several image and multi-modal image/text datasets have been published (Nguyen et al., 2017;

Alam et al., 2018a; Mouzannar et al., 2018a), and contributed to advances in the area of image

classification for disaster response. Nguyen et al. (2017) used CNNs to perform damage assess-

ment, while Li et al. (2019) used domain adversarial neural networks (DANN) to identify damage

images. Agarwal et al. (2020) proposed a multi-modal framework, called Crisis-DIAS, which uses

both textual and visual information from tweets. Madichetty (2020) also used both image and text

features to classify crisis-related tweets. In the method proposed in this chapter, a combination of

a CNN and a standard Artificial Neural Network (ANN) was used for the text-based classification

component of the model, while the fine-tuned VGG-16 architecture was used for the image-based

classification component of the model. Afterwards, the late fusion technique was used to combine

the output of these two models to determine if the tweet label is Informative or Non-informative.

In (Nalluru et al., 2019), both the semantic text and image features are combined to classify a

multi-modal tweet post. Abavisani et al. (2020) also used a multi-modal fusion approach, in order

to detect crisis events for three different tasks based on the combination of information in both

images and text.

As can be seen, all these works and others that are focused on image analysis in the disaster

domain have used different variants of CNN models to process images. As opposed to that, in

our study, we propose to use capsule networks, which have been designed to address fundamental

limitations of CNNs. In particular, we focus on the ability of the CapsNets to handle smaller

labeled datasets and study them in both in-domain and cross-domain settings.

2.2.2 Capsule networks

CapsNets (Sabour et al., 2017; Hinton et al., 2018) use viewpoint invariant representations to ad-

dress a fundamental limitation of CNNs, specifically, the fact that CNNs do not capture spatial

relationships between features. Given their superior performance as compared to CNNs, Cap-

sNets have been recently used in many application domains. For example, CapsNets have been

used in natural language processing applications, such as text classification (Kim et al., 2018),

15



and multi-label text classification and question answering (Zhao et al., 2019a). They have also

been used successfully in computer vision. For instance, LaLonde et al. (2020) used CapsNets for

biomedical image segmentation. Jiménez-Sánchez et al. (2018) showed that CapsNet can over-

come the challenges in the medical image classification domain, where datasets are usually small

and imbalanced. Afshar et al. (2020) proposed a CapsNet-based framework, called COVID-CAPS,

to diagnose COVID-19 cases based on X-ray images. Similarly, Mobiny et al. (2020) proposed

a CapsNet model, called Detail-Oriented Capsule Networks (DECAPS), to automatically clas-

sify COVID-19 patients from Computed Tomography (CT) scans, while Mittal et al. (2020) used

CapsNets to detect pneumonia from Chest X-ray images. Singh et al. (2019) used a CapsNet-

based approach to create a high resolution image out of a very low resolution (VLR) image, and

demonstrated the feasibility of the approach for VLR digit and face recognition.

Given the good performance of CapsNets in other application domains, especially for image

classification tasks, our goal is to study the usefulness of CapsNets for disaster image classifica-

tion, a task for which the available datasets are relatively small and imbalanced. To the best of our

knowledge, this is the first time CapsNets are used in the disaster domain.

2.3 Background and approach

CapsNets have a CNN backbone. We use ResNet-18 as the backbone of the CapsNet models in

this study, and also as a baseline when evaluating the CapsNet models. Thus, in this section, we

first review the ResNet-18 architecture, and then describe the CapsNet model that we used.

2.3.1 ResNet-18 architecture

The architecture of CNN has three different types of layers including convolution layers (together

with non-linear ReLU activations), sub-sampling layers (a.k.a., pooling layers), and classification

layers, with the first two types of layers present in the lower levels of the network, and classifica-

tion layers at the top of the network. Specifically, the architecture of a CNN consists of a sequence
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of convolutional layers, interspersed with max-pooling layers, followed by fully connected (FC)

layers, and finally a softmax classification layer. The outputs of the convolution and max-pooling

layers can be seen as feature maps. Lower level layers correspond to more general feature maps,

while the upper level layers correspond to more specific feature maps. The feature maps asso-

ciated with the last convolution/max-pooling layers are provided as inputs to the classification

layers, and a prediction is made based on the scores produced by the final softmax layer. In the

last fully connected layer, the class with the highest score obtained from a softmax layer will be

chosen as the predicted class (Alom et al., 2018).

CNN architectures have gained a lot of popularity in computer vision, due to the considerable

improvements that they have produced in this field. In particular, ResNet (He et al., 2016) is a

popular CNN architecture, which won the ImageNet image classification competition in 2015.

The advantage of the ResNet architecture over other CNN architectures is that it incorporates

identity shortcuts, which help prevent the problem of performance saturation and/or degradation,

generally faced when training deeper networks. By skipping some layers, this identity shortcut

connection considers the layer residual mapping instead of only the original mapping (Kwan et al.,

2019). We used ResNet-18 (which has 18 layers) as the backbone of the CapsNet models in this

chapter. The architecture of ResNet-18 is shown in Figure 2.1. Given that the data used in our

experiments has only two classes, the FC layer of the pre-trained ResNet-18 was changed from

1000 to 2 classes.

Figure 2.1: Overview of the ResNet-18 architecture
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2.3.2 Capsule networks

CapsNets were first proposed by Sabour et al. (2017); Hinton et al. (2018). The main motivation

for CapsNets development was given by a fundamental problem faced by standard CNNs, specifi-

cally, the fact that they are invariant to translation (due to the pooling operation), but cannot learn

the spatial relationships between features. Thus, a CNN model can wrongly identify an image

containing two eyes and a nose as a face, even when these features are not in the right location.

Furthermore, the pooling operation results in loss of information. To compensate for this loss,

CNNs need a large training dataset (Patrick et al., 2019). For example, in the case of face detec-

tion, the CNN model needs to be trained on images of faces taken from a variety of viewpoints.

On the other hand, CapsNets are equivariant. For an image that shows a rotated face, a CapsNet

will output the probability of the image to be classified as a face, along with the rotation degree.

Therefore, CapsNets can be trained with smaller datasets and can generalize better to new unseen

images with viewpoints different from those in the training set. A brief description of CapsNets is

given in the following paragraph.

A CapsNet consists of several layers, with many capsules in each layer. A capsule encapsulates

a group of neurons in itself. The output of each capsule can encode features of an entity (e.g., its

pose, its probability of existence, its deformation, etc.) in the image. The active capsules at a

lower level (the children of the higher-level capsules) vote for the capsules of the higher level (the

possible parents). This is done based on transformation matrices, representing viewpoint-invariant

relationship between the child capsule and the parent capsule. These transformation matrices are

trained, and they change with a change in the viewpoint, making the viewpoint between the child

capsule (part) and the parent capsule (whole or object) invariant. Votes are accumulated, and if

several children capsules agree on a parent capsule, that capsule becomes active. This process,

called routing-by-agreement, is repeated several times. The routing is done in such a way that

ensures that one child capsule is routed to only one parent capsule. The result of the routing is

a parsing tree with a hierarchical structure (Sabour et al., 2017; Hinton et al., 2018; Tsai et al.,

2020). Dynamic routing (Sabour et al., 2017) and EM-routing (Hinton et al., 2018) are two routing
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Figure 2.2: Overview of the capsule network (CapsNet) architecture, adapted from (Tsai et al.,
2020)

algorithms (with some differences) that implement this mechanism.

Tsai et al. (2020) proposed a new routing algorithm, called “Inverted Dot-Product Attention

Routing”, which is similar to the inverted attention mechanism. In this algorithm, the parent cap-

sules try to get attention from the children capsules. The agreement between the previous iteration

vote of the parent capsule and the current iteration vote of the children capsules is determined by

the routing likelihood. There are two other changes in this routing algorithm: 1) the authors used

a Layer Normalization; and 2) they used concurrent iterative routing instead of sequential itera-

tive routing; therefore, the states of the capsules and the routing likelihoods are simultaneously

inferred (not in a layer-wise fashion). These changes help to scale up the model (Tsai et al., 2020).

The CapsNet architecture used in this work was adapted from (Tsai et al., 2020) and is pre-

sented in Figure 2.2. In the original architecture (Tsai et al., 2020), either several ResNet com-

putational blocks or a single convolutional layer were used as the backbone. As opposed to that,

we used ResNet-18 as our CapsNet’s backbone to benefit from the pre-training of the ResNet-18

on the ImageNet dataset. For an image of size 224 × 224 pixels, the size of the image output by

ResNet-18 is 7 × 7. Therefore, after the image is fed to the backbone ResNet-18, the output will

be upsampled by the factor of 2 before being sent to the convolutional layer, which is followed by

LayerNorm, primary capsules, two convolutional capsule layers, and finally two fully-connected

capsule layers. Given that we have only two classes, the number of class capsules were changed

to 2 in our model. The class probability is obtained by applying the softmax function to the re-

sulting logits. The class with higher probability is chosen as the predicted class. As can be seen in

the architecture, the routing algorithm is used from the primary capsules all the way to the class

capsules (Tsai et al., 2020).
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2.4 Experimental setup

In this section, the datasets used in the experiments, along with setup, evaluation metrics, and

baseline are presented. The aim of the designed experiments is to answer to the following research

questions:

• Does adding the capsule layers to the backbone ResNet-18 improve the performance for

disaster image classification in in-domain and cross-domain settings?

• How does the performance of CapsNets on smaller datasets compare to the performance on

larger datasets?

• In the cross-domain setting, how does the ability of the CapsNet to transfer information

between source and target disasters compare for disasters of the same type versus disasters

of different types?

To answer these questions, we selected two datasets: one comprising a diverse collection of seven

natural disasters of different types—such as hurricanes, floods, fires, and earthquakes—which en-

abled us to simulate a variety of in-domain and cross-domain scenarios, and the other consisting

of a large consolidated dataset that facilitated controlled experiments on balanced subsets of vary-

ing sizes. The details about the datasets, the experimental setup, evaluation metrics and baseline

models are provided in the next subsections.

2.4.1 Datasets

CrisisMMD for general in-domain and cross-domain experiments: The dataset used in this

study is called CrisisMMD (Alam et al., 2018a). This dataset was assembled by collecting tweets

during seven natural disasters including, Hurricane Irma, Hurricane Harvey, Hurricane Maria,

California Wildfires, Mexico Earthquake, Iraq-Iran Earthquake, and Sri Lanka Floods. The dataset

includes both images and texts related to the corresponding disasters; however, we only used the

images of the dataset in this study. Furthermore, while the dataset was originally designed to
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Table 2.1: Data distribution of the CrisisMMD dataset for the task of identifying informative
versus non-informative images.

Dataset Event Not-inf. Inf. Total Year
D0 California Fire 604 984 1588 2017
D1 Hurricane Harvey 1982 2461 4443 2017
D2 Hurricane Irma 2303 2222 4525 2017
D3 Hurricane Maria 2330 2232 4562 2017
D4 Iraq Iran Earthquake 200 400 600 2017
D5 Mexico Earthquake 541 841 1382 2017
D6 Sri Lanka Floods 773 252 1025 2017

address several image classification tasks, we only focus on the task of classifying images in two

classes: Informative and Non-informative. The detailed data distributions of the disasters in the

dataset (the number of Informative and Non-informative images in each disaster) are presented in

Table 2.1.

Consolidated dataset for controlled experiments on balanced subsets: The dataset used

for the more controlled experiments on the balanced datasets of different sizes for the informa-

tiveness task was based on the consolidated dataset from (Alam et al., 2020a). This dataset was a

consolidation of four datasets as follows:

• Damage Assessment Dataset (DAD) (Nguyen et al., 2017): A publicly available dataset

originally labeled for damage severity levels in imagery data. Alam et al. (2020a) relabeled

it for new tasks, including the informativeness task.

• Damage Multimodal Dataset (DMD) (Mouzannar et al., 2018b): Another publicly avail-

able dataset labeled for damage class. Alam et al. (2020a) relabeled it for new tasks, includ-

ing the informativeness task.

• AIDR Informativeness Dataset (AIDR-Info): Alam et al. (2020a) collected tweets and

images using the AIDR system and labeled them for different tasks, including informative-

ness.

• CrisisMMD (Alam et al., 2020a): This dataset already included informativeness categories.

21



Table 2.2: Data splits for the consolidated dataset (Alam et al., 2020a) for informativeness task.

Class Labels / Splits Train Dev Test Total
Inf. 26486 1432 3414 31332
Not-inf. 21700 1622 5063 28385
Total 48186 3054 8477 59717

These datasets were merged to create consolidated train, development, and test sets. This large,

relabeled dataset allows for controlled experiments on balanced subsets of different sizes. The

detailed data distributions of this consolidated dataset are presented in Table 2.2.

2.4.2 Setup

Setup for general in-domain and cross-domain experiments: For the in-domain experiments,

the dataset was randomly split into three parts: 70% as training set, 10% as the development set

and 20% as the test set. Each experiment was run three times on each dataset and the average over

runs were reported for each metric. For the cross-domain experiments, all the data for the source

domain was used for the training, while the development set and testing set of target domain were

used for hyper-parameter selection and evaluation, respectively. In order to perform a fair com-

parison with the in-domain results, the development and test sets are the same as those used in

the in-domain experiments. Also, for the cross-domain experiments, we formed pairs of disasters

based on the chronological order in which the disasters in the CrisisMMD dataset occurred. This

order from the first disaster to the last one is: D6, D1, D2, D3, D5, D0, D4. Given the varying

sizes of the specific disaster datasets, for some disaster pairs, the source dataset has more samples

than the target dataset, while for others, the source has fewer samples, or a comparable number of

samples. Furthermore, the CrisisMMD dataset consists of disasters of both similar and different

types, which enables us to experiment with source and target disasters of the same type (for exam-

ple, in one experiments the source data is Hurricane Harvey and the target data is Hurricane Irma),

as well as disasters of different types (for example, in one experiment the source data is Sri Lanka

Floods and the target data is California Fires). Thus, the diversity of pairs formed with disasters
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from CrisisMMD allows us to study CapsNets under a variety of scenarios.

Each experiment, both in the in-domain and cross-domain settings, was first run on the ResNet-

18 baseline (pre-trained on ImageNet). All the layers, except for Conv-5 group and FC layer, were

frozen. Parameters of Conv-5 were initialized with the pre-trained values and fine-tuned for each

experiment, while parameters of the FC layer were randomly initialized and trained from scratch.

To identify a good set of hyper-parameters, we performed extensive tuning on the Hurricane Maria

dataset, as this dataset is large compared to other datasets in CrisisMMD and it is also relatively

balanced. The final hyper-parameters used in the experiments are: a learning rate of 5e-07, a

weight decay (corresponding to L2 regularization) of 0.1, a batch size of 32 images, and a max

number of epochs of 70. The exact number of epochs for an experiment (leading to the best model)

was identified separately based on the development set in that experiment. The final performance

for an experiment was evaluated using the best model on the test set corresponding to that exper-

iment. The input images were resized to 224 × 224 (as the ResNet-18 model was pre-trained on

images of this size).

For each experiment with the CapsNet model, the ResNet-18 model (which was tuned on the

disaster dataset for the corresponding experiment in the previous part) was used as the backbone.

This backbone was frozen, while the other layers of the CapsNet model were trained. The hyper-

parameters selected for this part (using fine-tuning on Hurricane Maria as before) are: a learning

rate of 1e-05, a weight decay of 0 (i.e., no L2 regularization), dropout with a rate of 0.3, a batch

size of 32 images, and a max epoch number of 70. Similar to ResNet-18, each experiment is run

for 70 epochs, but the number of epochs that result in the best accuracy on the development set is

selected and used to evaluate performance on the test set. The input images for CapsNet were also

resized to 224 × 224. The matrix format was used for the pose of each capsule, and the number of

routings was 2.

The same data augmentation approach is used for the training set of all the experiments. Firstly,

the image is resized to 225 × 225, then it is center-cropped to the size of 224 × 224. Then, padding

of four is used and the image is randomly cropped to the size of 224 × 224. Afterwards, images
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are flipped randomly in the horizontal direction.

Setup for controlled experiments on balanced subsets: Balanced subsets of varying sizes

(1,000; 2,000; 10,000; 20,000; and 40,000 samples) were used for the training set. For the 1,000-

sample training set, this comprised 500 informative and 500 non-informative images. Similarly,

for the other sizes, each subset was split evenly, with half the samples being informative and half

non-informative. To maintain balanced datasets, the maximum number of informative images in

the development and test sets were limited to 1,432 and 3,414, respectively. Therefore, we kept

the development and test sets constant at 2,800 and 6,800 samples, respectively, to ensure balance.

For the ResNet-18 model, which was pre-trained on ImageNet, all layers except for the last con-

volutional group and fully connected (FC) layer were frozen. Parameters of the last convolutional

group were fine-tuned, while the FC layer was trained from scratch. The hyperparameters were

tuned separately for each training dataset size.

For the CapsNet model, the ResNet-18 (pre-trained on the disaster dataset of corresponding size)

served as the backbone, with all its layers frozen. The remaining layers of the CapsNet were

trained, and the hyperparameters were tuned for each dataset size.

The same data augmentation approach from previous experiments was applied to all training sets.

2.4.3 Evaluation metrics and baseline models

The metrics used are weighted precision, recall and F1-measure. We chose to focus on these

metrics as some of the datasets are class imbalanced (i.e., the ratio between the number of instances

in the two classes is high).

As mentioned before, the baseline used in our study is ResNet-18. Thus, the results of the Cap-

sNet models are compared with the results of the ResNet-18 models. The disaster-tuned ResNet-

18 is also used as the backbone in the CapsNet architecture, which enables us to assess the ability

of the capsule layers (added after ResNet-18) to improve the performance of the baseline models.
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Resnet-18 CapsNet
Data Pr. Re. F1 Pr. Re. F1
D0 79.343 78.616 78.599 83.642 83.543 83.515
D1 77.296 77.290 77.150 79.014 78.979 78.843
D2 74.473 74.401 74.393 75.256 75.212 75.188
D3 75.731 75.731 75.724 77.503 77.449 77.419
D4 79.044 71.389 71.046 82.599 82.778 82.210
D5 76.217 75.362 75.400 78.122 78.261 78.146
D6 79.042 75.447 74.636 83.850 84.390 83.735

Table 2.3: Classification results for in-domain experiments: Precision (Pr.), Recall (Re.) and F1-
measure (F1). For each metric, the best values in a row are bold-faced.

2.5 Experimental results

The results of the in-domain experiments and cross-domain experiments are shown in Tables 2.3

and 2.4, respectively. Additionally, the results of controlled experiments are presented in Table

2.6. The reported results are averaged over the three replicas of each experiment. We discuss the

results with respect to our research questions, and present a brief error analysis in what follows.

2.5.1 Discussion of the results

Our first research question was focused on the ability of the capsule layers, added to the back-

bone ResNet-18 layers, to improve the performance on disaster image classification. As Table 2.3

shows, for all the in-domain experiments, the results of the CapsNet model are better than those

of the baseline for all evaluation metrics considered. Furthermore, Table 2.4 shows that the results

of the CapsNet model are also better than those of the baseline models for most cross-domain ex-

periments. Specifically, the results obtained with CapsNet for three metrics considered (precision,

recall and F1 score) are better than the ones of the ResNet-18 in 18 out of 21 cases (corresponding

to different source-target combinations formed based on the chronological order). This suggests

that CapsNets are capable of improving the performance on the task of classifying disaster images,

as compared ResNet-18.

Our second research question was focused on the benefits of the CapsNet model as compared
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ResNet-18 CapsNet
S T Pr. Re. F1 Pr. Re. F1
D1 D0 72.452 71.908 72.038 73.894 73.166 73.324
D2 D0 69.102 66.981 67.317 72.450 69.392 69.818
D3 D0 66.048 61.006 60.708 69.981 67.400 67.850
D5 D0 62.958 59.434 57.730 66.049 66.352 64.541
D6 D0 63.477 50.105 42.170 65.344 50.734 47.36
D6 D1 69.142 62.087 59.344 74.001 68.919 68.291
D1 D2 72.390 71.786 71.656 73.789 73.738 73.736
D6 D2 63.324 58.858 54.394 66.038 62.431 59.836
D1 D3 74.016 73.794 73.768 75.241 75.183 75.176
D2 D3 74.769 74.708 74.704 76.368 76.279 76.276
D6 D3 67.019 63.596 61.284 69.405 66.228 64.499
D0 D4 75.541 70.833 70.963 78.995 76.389 76.923
D1 D4 78.809 77.778 77.860 78.120 76.667 77.079
D2 D4 74.543 73.333 73.422 79.142 75.000 75.652
D3 D4 77.451 75.556 75.739 78.460 75.833 76.412
D5 D4 83.714 80.833 81.120 83.392 82.778 82.954
D6 D4 76.337 61.944 60.480 77.717 63.333 63.527
D1 D5 75.151 74.638 74.800 75.405 75.362 75.349
D2 D5 75.059 74.155 74.383 75.623 73.671 73.950
D3 D5 74.489 73.430 73.660 76.268 73.913 74.150
D6 D5 76.026 67.874 67.014 76.623 68.357 68.124

Table 2.4: Classification results for the cross-domain experiments: precision (Pr.), recall (Re.) and
F1-measure (F1). For each metric, the best results in a row are bold-faced.

Data Order Size Ratio F1 % F1 Change
D4 1 600 2.000 11.164 15.713%
D6 2 1025 0.326 9.099 12.191%
D5 3 1382 1.555 2.746 3.641%
D0 4 1588 1.629 4.916 6.254%
D1 5 4443 1.242 1.693 2.194%
D2 6 4525 0.965 0.795 1.068%
D3 7 4562 0.958 1.695 2.238%

Table 2.5: Difference between the CapsNet and ResNet-18 mean F1-score values for in-domain
experiments, and percentage change (%F1 Change). The disasters with the smallest datasets and
highest observed differences are bold-faced. The Order column shows the rank of the dataset in
terms of size, while the Ratio column shows the class ratio.
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with the ResNet-18 baseline, when smaller or larger datasets are used for training. We answer this

question in two cases: 1) in-domain experiments across CrisisMMD datasets (D0 to D6) and 2)

controlled experiments on a large consolidated dataset with different sizes of training data..

Case 1: in-domain experiments across CrisisMMD datasets (D0 to D6): To facilitate the

analysis of the results with respect to the dataset size, Table 2.5 shows the differences between

the CapsNet and ResNet-18 mean values for the F1 metric for the in-domain experiments (with

the differences for the smaller datasets shown in bold font). More specifically, each difference is

calculated as the mean F1 value of CapsNet minus the corresponding F1 mean value for of ResNet-

18, i.e., F1(CapsNet) − F1(ResNet), according to Table 2.5. In addition to the difference, we

also show the percentage change as [F1(CapsNet)−F1(ResNet)]÷F1(ResNet)]× 100. The

order of the datasets based on their size from the smallest to the largest is: D4, D6, D5, D0, D1,

D2, and D3, as shown in Table 2.5. The table also shows the size of each dataset, and the ratio

of Informative to Non-informative samples, as the class imbalance can influence the results as

well. As can be seen in Table 2.5, the largest difference (with 15,713% increase in F1-score)

is for D4, which is the smallest dataset (600 samples). The second largest improvement in the

F1-score is observed for D6 (with 12.191% increase in F1-score), which is the next smallest

dataset (1025 samples). Besides being the smallest, the two datasets also exhibit the largest class

imbalance, with Informative to Non-informative ratio being 2:1 in D4, and approximately 1:3 in

D6. The third and fourth largest differences are observed for D0 and D5, respectively, which are

the next datasets according to size (with D5 containing 1382 samples, and D0 containing 1588

samples). While D5 is smaller than D0, D0 has a slightly higher class imbalance, and overall

the improvement seen from the CapsNet is larger for D0 as compared to D5. For the larger

datasets, D1, D2, D3, which have larger size (approximately, 4500 samples each) and relatively

balanced class ratio, the percent increases are in the range 1-2%. Together, these results suggest

that both the dataset size and the class imbalance ratio contribute to the improved performance

of CapsNet. These results are consistent with the findings in prior work (Jiménez-Sánchez et al.,

2018), in which it was shown that the CapsNets has a better generalization ability (compared to
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CNN) in the case of small size datasets and class-imbalance. This behavior can be attributed to

the equivariant property of CapsNets that can complement for limited data, and generalize better

to unseen images as compared to CNN baselines.

Case 2: controlled experiments on a large consolidated dataset with different sizes of

training data: Since a more controlled study, where only one of these characteristics is varied at

a time, was needed to better understand the effect of each characteristic, we performed a series of

controlled experiments, training both models on balanced subsets of varying sizes while keeping

the development and test sets unchanged. The in-domain experiments, summarized previously, in-

dicated that CapsNet generally outperformed ResNet-18, especially for smaller datasets and those

with a higher class imbalance. This trend indicates that CapsNet’s advantages are more evident

in scenarios with limited data and significant class imbalance, leveraging its ability to generalize

better under such conditions.

However, the controlled experiments, presented in Table 2.6, showed a different picture. When

we trained both models on balanced subsets of increasing sizes, we observed that CapsNet’s per-

formance advantage over ResNet-18 was less consistent. For smaller balanced subsets (1000 and

2000 samples), ResNet-18 actually outperformed CapsNet slightly, with CapsNet showing a de-

crease in F1-score by up to 0.973%. This was contrary to our expectation based on the in-domain

experiments. As the dataset size increased to 10,000 samples, CapsNet began to show a no-

table improvement, with a 2.178% increase in F1-score over ResNet-18. For even larger datasets

(20,000 and 40,000 samples), CapsNet’s performance improvement stabilized around 1%. These

results suggest that while CapsNet can outperform ResNet-18 on larger balanced datasets, its ad-

vantage is less pronounced or even negative on smaller, balanced datasets.

Several factors could explain this discrepancy. The controlled experiments used a consolidated

dataset composed of images from different kinds of disasters occurring at different times. This

large, meticulously chosen dataset ensured that the training, test, and development sets were rep-

resentative of a broad range of disaster scenarios. In contrast, the in-domain experiments involved

datasets from specific disasters, with images from the same location, type of disaster, and time
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Data Size ResNet-18 CapsNet %F1 Change
Pr. Re. F1 Pr. Re. F1

1,000 74.599 73.941 73.766 73.163 73.074 73.048 -0.973%
2,000 75.071 74.824 74.761 74.688 74.618 74.599 -0.217%
10,000 75.911 75.500 75.403 77.208 77.074 77.045 2.178%
20,000 78.167 77.971 77.932 78.894 78.706 78.671 0.948%
40,000 79.743 79.529 79.493 80.354 80.338 80.336 1.060%

Table 2.6: Classification results for experiments with balanced subsets of different sizes: Precision
(Pr.), Recall (Re.), F1-measure (F1) and % F1 change

period. This more homogeneous data likely amplified CapsNet’s ability to handle class imbalance

and limited data more effectively.

The difference in dataset characteristics between the controlled and in-domain experiments high-

lights the importance of context in evaluating model performance. CapsNet excels in real-world

scenarios where data is often limited, imbalanced, and focused on specific events, leveraging its

unique architecture to achieve better generalization. However, in more controlled settings with

balanced data that is representative of a broad range of disaster scenarios, this advantage dimin-

ishes. This underscores the necessity of considering dataset nature and composition in model

assessments.

Our last question was related to the ability of the CapsNet model to transfer information from

the source to the target, in the cross-domain setting, when the source and target disasters are of

similar types or of different types, respectively. To answer this question, for each pair of disasters

considered in our cross-domain experiments, Table 2.7 shows the differences between the CapsNet

F1-score and the corresponding ResNet-18 F1-score (and also the percent change in F1-score). Six

pairs with the largest differences and percentage change are bold-faced (the percentage change for

these pairs varies from 8.399% to 15.005%). All these six cases correspond to experiments where

the source and target disasters are of different types, although we want to emphasize that not

all pairs with different types of disasters show a big difference. To better interpret the results, we

consider cases with the same target and different sources. For the experiments with D0 (California

Fires) as the target, all the sources are of types different than D0. Three of these experiments are
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Source Target F1 %F1 Change
D1 (Hurricane) D0 (Fires) 1.286 1.785%
D2 (Hurricane) D0 (Fires) 2.501 3.715%
D3 (Hurricane) D0 (Fires) 7.142 11.765%
D5 (Earthquake) D0 (Fires) 6.811 11.798%
D6 (Floods) D0 (Fires) 5.190 12.307%
D6 (Floods) D1 (Hurricane) 8.947 15.077%
D1 (Hurricane) D2 (Hurricane) 2.080 2.903%
D6 (Floods) D2 (Hurricane) 5.442 10.005%
D1 (Hurricane) D3 (Hurricane) 1.408 1.909%
D2 (Hurricane) D3 (Hurricane) 1.572 2.104%
D6 (Floods) D3 (Hurricane) 3.215 5.246%
D0 (Fires) D4 (Earthquake) 5.960 8.399%
D1 (Hurricane) D4 (Earthquake) -0.781 -1.003%
D2 (Hurricane) D4 (Earthquake) 2.230 3.037%
D3 (Hurricane) D4 (Earthquake) 0.673 0.889%
D5 (Earthquake) D4 (Earthquake) 1.834 2.261%
D6 (Floods) D4 (Earthquake) 3.047 5.038%
D1 (Hurricane) D5 (Earthquake) 0.549 0.734%
D2 (Hurricane) D5 (Earthquake) -0.433 -0.582%
D3 (Hurricane) D5 (Earthquake) 0.490 0.665%
D6 (Floods) D5 (Earthquake) 1.110 1.656%

Table 2.7: Difference between the CapsNet and ResNet-18 mean F1-score values for cross-domain
experiments, and percentage change (%F1 Change). The highest observed differences are bold-
faced.

among the ones with the highest F1 difference and percentage change. In particular, when the

source is D3 (Hurricane Maria), D5 (Mexico Earthquake), or D6 (Sri Lanka Floods), there is an

increase of 11.765%, 11.798%, and 12.307% in F1, respectively. When D2 (Hurricane Irma) is

the target, the improvement in F1 is higher when D6 (Sri Lanka Floods) is the source (10.005%

increase in F1) than when D1 (Hurricane Harvey) is the source (2.903% increase in F1). We

observe similar results when D3 (Hurricane Maria) is the target. For the experiments with D4

(Iraq-Iran Earthquake) as the target, the two largest increases in F1 are for the cases with D0

(California Fires) and D6 (Sri Lanka Floods) as the sources. However, two other experiments

with sources D3 (Hurricane Maria) and D1 (Hurricane Harvey) of types different than D4 do

not have larger increase in F1 as compared to the experiment where the source is D5 (Mexico
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Earthquake). Given that the size of the training dataset was observed to affect the improvements

obtained with CapsNets, the results here suggest that the size of the source may also be a factor

that determines the improvement, in addition to the nature of the disasters. In particular, using

D5 (Mexico Earthquake) and D6 (Sri Lanka Floods) as sources generally leads to the largest

increases within a group (corresponding to a target). These are the two smallest datasets in our

set, supporting the hypothesis that source size is important in addition to source type. More

experiments are needed to tease out the individual factors involved here.

2.5.2 Error analysis

Figure 2.3 (in-domain setting) and Figure 2.4 (cross-domain setting) show examples of images

that are correctly classified by one of the models (i.e., CapsNet or ResNet-18), while they are mis-

classified by the other model. The in-domain models used to classify the images in Figure 2.3 are

trained and tested on California Fires (D0). Specifically, Figure 2.3 shows examples of Informa-

tive and Non-informative images correctly classified by CapsNet and mis-classified by ResNet-18

in the top row (a) and (b), and examples of Informative and Non-informative images correctly

classified by ResNet and mis-classified by CapsNet in the bottom row (b) and (c). Given that the

capsule network has the property of being equivariant to viewpoint, it correctly identifies image

(a) as Informative with respect to California Fires, and image (b) as Non-informative. However,

it seems to mistakenly classify image (d) as Informative, possibly because it identifies an orange

region that resembles fire. On the other hand, it mis-classifies image (c) as Non-informative as

the fire shown in that image is flattened into the image heading, while the main view of the image

does not show anything related to fire. All together, the two models agree on 271 test instances

(168 Informative and 103 Non-informative), and disagree on 47 instances (29 Informative and

18 Non-informative). The CapsNet model predicts correctly 33 of the images where the models

disagree, while ResNet predicts correctly only 14 of those instances.

The cross-domain models used to classify the images in Figure 2.4 are trained using Sri-

lanka Floods (D6) as source, and tested on Hurricane Harvey (D1) as target. CapsNet correctly
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(a) (b)

(c) (d)

Figure 2.3: Error analysis for the in-domain experiment focused on the D0 (California Fire)
dataset. (a) Example of an Informative image that is correctly classified by CapsNet, while miss-
classified by ResNet-18; (b) Example of a Non-informative image that is correctly classified by
CapsNet, and miss-classified by ResNet-18; (c) Example of an Informative image that is correctly
classified by ResNet-18, and miss-classified by CapsNet; (d) Example of a Non-informative image
correctly classified by ResNet-18, and miss-classified by CapsNet.

classifies images (a) and (b) as Informative and Non-informative, respectively, with respect to

Hurricane Harvey. However, it mistakenly classifies image (c) as Non-informative, possibly be-

cause the flooded road could look as a regular road in some viewpoint, and it mis-classifies image

(d) as Informative, possibly because it learns to associates big machines with recovery from a

hurricane. In this experiment, the two models agree on 682 instances (334 Informative and 348

Non-Informative), and they disagree on 206 instances (158 Informative and 48 Non-informative).
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(a) (b)

(c) (d)

Figure 2.4: Error analysis for the cross-domain experiment where D6 (Sri Lanka Floods) dataset
is used as source and D1 (Hurricane Harvey) as target. (a) Example of an Informative image
that is correctly classified by CapsNet, while miss-classified by ResNet-18; (b) Example of a
Non-informative image that is correctly classified by CapsNet, and miss-classified by ResNet-18;
(c) Example of an Informative image correctly classified by ResNet-18, and miss-classified by
CapsNet; (d) Example of a Non-informative image correctly classified by ResNet-18 and miss-
classified by CapsNet.

When in disagreement, the CapsNet model is correct in 159 cases, while the ResNet-18 model is

correct in only 47 cases.
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2.6 Conclusions

In this chapter, CapsNets were used with the purpose of classifying disaster images as Informa-

tive or Non-informative. Extensive in-domain and cross-domain experiments were carried out to

investigate the ability of the CapsNets for this task. The results suggest that the CapsNet model

has a better performance compared to the baseline ResNet-18 for all the disaster datasets for in-

domain experiments. It also showed an improvement in the evaluation metrics for most of the

considered cross-domain pairs of disasters. Most importantly, the results showed that the CapsNet

models could improve the performance of the ResNet-18 baseline when the size of the training

datasets is small, or the datasets are imbalanced. However, its relative benefit diminishes in more

controlled settings, which needs more exploration and could be due to the difference in dataset

characteristics between the controlled and in-domain experiments. Controlled experiments uti-

lized a large, diverse dataset encompassing various disasters, while in-domain experiments dealt

with more homogeneous datasets specific to particular types of disasters.
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Chapter 3

Disaster image classification using

pre-trained transformer and contrastive

learning models

3.1 Introduction

Nowadays, smartphones and the internet are accessible to a majority of people and, as a result,

social media platforms, such as Twitter, have become a quick and popular way of communicat-

ing and sharing information during various types of crisis situations (Ahmad et al., 2022). This

is especially true during disaster events, as 911 and other emergency lines rapidly become over-

whelmed by the large volume of calls from people in need of help (King, 2018). Thanks to the fast

spread of news via social media, relief and response during disasters can be accelerated using this

vital medium (Ahmad et al., 2022). In fact, social media can disseminate disaster-related news

and updates much faster and to a broader audience as compared to traditional media. According

to a report by Middle East Eye, several trapped victims were rescued during the 2023 earthquake

in Turkey after posting “locations and images” on social media (Inanc, 2023). For example, a man

tweeted that he and his family were buried under rubble in Hatay. Within an hour of the post, the
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tweet was shared thousands of times and the family was rescued by nearby residents. Similarly,

another man posted his location and a plea for help “Please help! We are under debris. There are

many people here.” One hour later, the man reported that “he and his mother had been rescued,

but his father was not as fortunate.” These examples demonstrate how social media can be used

to quickly and effectively communicate information during a disaster, allowing people to share

urgent needs with a wide audience and receive help (Inanc, 2023).

Information posted on social media, such as requests for help and support, damage reports or

updates on relief efforts, can be utilised by humanitarian organizations to facilitate post-disaster

rescue and relief operations, guide the allocation of resources, and improve the real-time response

overall (Alam et al., 2020a). Although such information is valuable, being posted in real-time

by eyewitnesses of disasters, the amount of information posted is extremely large, and can be

noisy, repetitive or even irrelevant. In fact, as soon as a disaster emerges, some people start to

sympathize with the victims, express thanks to rescue organisations, repost the same content and

so forth (Roy et al., 2021). Therefore, it is of great importance to effectively filter and prioritise

relevant and informative content. However, manually filtering relevant information is a hard task

due to the large volume and high velocity of data, and thus, automatic filtering techniques are

required (Wang et al., 2021).

For instance, Alam et al. (2023) fine-tuned convolutional neural networks (CNNs), including

ResNet18, ResNet50, ResNet101, VGG16, DenseNet, SqueezeNet, MobileNet, and EfficientNet

models, using disaster images for multiple tasks (disaster types, image informativeness, humani-

tarian categories and damage severity), and showed promising results. In another study, Banerjee

et al. (2023) used GAN models to generate disaster images to augment existing datasets, and

fine-tuned CNN models, such as VGG19, ResNet18, and DenseNet121, to classify different types

of real-world disaster images, with ResNet18 proving to be the most effective. Furthermore, Ir-

wansyah et al. (2023) utilized models such as PSPNet and UNet with ResNet18 and ResNet50

backbones to classify satellite disaster images into four damage classes. Collectively, these stud-

ies demonstrate the effectiveness of CNN models in disaster image classification, showcasing their
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wide applicability across different image-based tasks and contexts.

However, most recently, Transformer models, such as Vision Transformer (ViT) (Dosovitskiy

et al., 2020), have emerged as a powerful tool for computer vision tasks, including classification

and segmentation, and have surpassed CNNs in performance (Dosovitskiy et al., 2020; Scheiben-

reif et al., 2022). These models have been applied to various application domains with very

promising results (Han et al., 2022; Khan et al., 2022).

While research on textual analysis of crisis-related tweets has progressed significantly, re-

search on image analysis of such tweets has not received as much attention. However, recent

studies have explored the use of convolutional neural networks (CNNs) (Alam et al., 2023; Baner-

jee et al., 2023; Irwansyah et al., 2023) to classify disaster images into multiple categories, such

as disaster types, image informativeness, humanitarian categories, and damage severity. Never-

theless, more recently, transformer models like the Vision Transformer (ViT) (Dosovitskiy et al.,

2020) have demonstrated promising results, surpassing CNNs in many computer vision scenarios.

For instance, a recent study (Zhao et al., 2022) used a Tokens-to-Token ViT to classify cervical

cancer smear cell images. Another study (Scheibenreif et al., 2022) employed a self-supervised

pre-trained Swin Transformer for classification and segmentation of land cover, and yet another

study (An and Zhang, 2022) used a transformer-based model, LPViT, for defect detection and

classification of printed circuit boards (PCBs).

Despite the success of transformer and contrastive learning models in various application do-

mains, their potential for disaster image classification, especially in the case of contrastive learn-

ing, has not been much explored yet. Our study aims to investigate the feasibility of utilizing

such models for this task. Given the scarcity of images in the early stages of a disaster, we plan

to leverage the strengths of transformer/contrastive learning models in experimental settings such

as zero-shot (Wang et al., 2019) few-shot (Wang et al., 2020) and also cross-domain settings (Xu

et al., 2023a), which have been already extensively studied in the literature for other application

domains (Korkmaz et al., 2022; Cheng et al., 2023; Nag et al., 2023; Xu et al., 2023b; Jiang et al.,

2022; Peng et al., 2023; Huang et al., 2022; Wang et al., 2022; Sultana et al., 2022; Sun et al., 2022;
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Yang et al., 2023). Specifically, we investigate the performance of transformer variants, including

ViT (Dosovitskiy et al., 2020), CSWin Transformer (Dong et al., 2022), and also a contrastive

learning model, the image encoder of CLIP (Contrastive Language-Image Pre-training) (Radford

et al., 2021), by comparison with ConvNetXt (a modern CNN architecture designed to resemble

transformers), in the context of disaster image classification.

The main contributions of this study are as follows:

• We use pre-trained transformer models (ViT, CSWin), CLIP (the image encoder based on

ViT) and ConvNeXts (a CNN-based model which resembles transformers) for disaster im-

age classification. To the best of our knowledge, our study is the first one to use contrastive

learning for disaster image classification.

• We study the pre-trained CLIP model on disaster image classification in a zero-shot transfer

learning setting.

• We also study the models in a few-shot learning setting (with 1/5/10/20 instances per class,

respectively) and compare the results of the few-shot models with those of the CLIP model

in zero-shot setting, which can be seen as a lower-bound, as well as with the results obtained

through fine-tuning the pre-trained models using all the data available, which can be seen as

an upper-bound.

• We explored CLIP in several other experimental settings, including in-domain transfer and

cross-domain transfer, which further involved two sub-settings of one-versus-one and all-

but-one.

• Our results show that CLIP exhibits strong generalization capability across different dis-

asters and consistently achieves the best overall performance in various settings. These

findings suggest that CLIP is a strong candidate for disaster image classification tasks.

Most importantly, the results of this study suggest that our research can contribute to the de-

velopment of effective solutions for disaster management and response.
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3.2 Related work

In this section, we review related work on CNN models used for disaster image classification as

well as work on recent vision transformers and contrastive learning models.

3.2.1 Disaster image classification

While research on textual analysis of crisis-related tweets has witnessed remarkable progress,

research on image analysis of such tweets has remained comparatively under-explored (Alam

et al., 2023). Inspired by successes of Deep Learning (DL) in the field of image classification,

some studies have been conducted on social media disaster images (Alam et al., 2020a, 2023; Li

et al., 2019; Banerjee et al., 2023; Irwansyah et al., 2023; Taghian and Caragea, 2021).

For instance, Alam et al. (2023) fine-tuned convolutional neural networks (CNNs), including

ResNet18, ResNet50, ResNet101, VGG16, DenseNet, SqueezeNet, MobileNet, and EfficientNet

models, using disaster images for multiple tasks (disaster types, image informativeness, humani-

tarian categories and damage severity), and showed promising results. In another study, Banerjee

et al. (2023) used GAN models to generate disaster images to augment existing datasets, and fine-

tuned CNN models, such as VGG19, ResNet18, and DenseNet121, to classify different types of

real-world disaster images, with ResNet18 proving to be the most effective. Furthermore, Irwan-

syah et al. (2023) utilized models such as PSPNet and UNet with ResNet18 and ResNet50 back-

bones to classify satellite disaster images into four damage classes. In (Ma et al., 2022), authors

utilized average pooling to compress initial feature maps (from the convolution layer) into three

distinct strips: ’row strip’, ’column strip’, and ’channel strip’. Applying separate attention weight-

ing to each strip, they integrated them, resulting in the Triple-Strip Attention Mechanism (TSAM),

targeted at capturing often overlooked global features by convolutions. The method was employed

for both disaster image classification, distinguishing between landslide and non-landslide images,

and segmentation tasks, has been shown to effectively handle landslide and flood disaster image

segmentation. Collectively, these studies demonstrate the effectiveness of CNN models in disaster
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image classification, showcasing their wide applicability across different image-based tasks and

contexts.

However, most recently, transformer models, such as Vision Transformer (ViT) (Dosovitskiy

et al., 2020), have emerged as a powerful tool for computer vision tasks, including classification

and segmentation, and have surpassed CNNs in performance (Dosovitskiy et al., 2020; Scheiben-

reif et al., 2022). These models have been applied to various application domains with very

promising results (Han et al., 2022; Khan et al., 2022; Koshy and Elango, 2023; Ma et al., 2023),

as discussed in the next subsection. Another well-known contemporary model, CLIP (Contrastive

Language-Image Pre-training) (Radford et al., 2021), is a contrastive learning multimodal model.

Trained on a large image-text collection, CLIP demonstrates remarkable transferability, effectively

accommodating diverse tasks via fine-tuning. Its distinctive zero-shot and few-shot capabilities

position CLIP as a well-suited choice for disaster response settings characterized by limited initial

labeled data. However, to date, CLIP has not been applied to disaster image classification, and

transformer-based models remain unexplored in zero-shot, few-shot scenarios, and humanitarian

task.

3.2.2 Vision transformers and contrastive learning

The introduction of vision transformers, such as ViT (Dosovitskiy et al., 2020), has brought about

a paradigm shift in image analysis, particularly in the realm of image classification. Transformer-

based models have established a strong presence in various image analysis domains, largely due to

their superior performance compared to state-of-the-art CNNs (Dosovitskiy et al., 2020), making

it increasingly difficult for CNNs to remain competitive.

In an effort to keep up with the superior performance of transformers, a “modernized” version

of ResNet, known as ConvNeXts, was developed in (Liu et al., 2022). ConvNeXts was designed to

resemble transformers and produced very competitive results in terms of accuracy, scalability, and

robustness. At the same time, ViT models pre-trained on large datasets have resulted in outstand-

ing performance when transferred to smaller downstream datasets (Dosovitskiy et al., 2020), and
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few-shot results of ViT pre-trained on ImageNet have also been promising. For our application

domain, transformer-based models pre-trained on large datasets are ideal since obtaining reliable

labels requires significant time and effort, and the availability of labeled data during a disaster is

limited, especially at the beginning.

Given the initial success of the ViT model, other improved versions of transformers have also

emerged. For example, Swin Transformer (Liu et al., 2021), a hierarchical transformer whose

representation is computed with shifted windows, was introduced and was shown to surpass the

counterpart ViT on the ImageNet-1K dataset. A further developed version of Swin Transformer

was presented in (Dong et al., 2022), called CSWin Transformer, in which self-attention was

performed in horizontal and vertical stripes, in parallel, forming a Cross-Shaped Window self-

attention. CLIP (Contrastive Language-Image Pre-training) is a popular contrastive learning mul-

timodal model (Radford et al., 2021), which consists of an image encoder (e.g., ViT transformer

architecture) and a text encoder (e.g., BERT transformer (Devlin et al., 2019)) pre-trained together

on image-caption pairs using a constrastive loss that aims to produce similar representations for an

image and its corresponding caption. Since CLIP was pre-trained on a large scale dataset consist-

ing of 400 million image–text pairs (Radford et al., 2021), it has outstanding transfer capabilities

and has been successfully fine-tuned to other tasks. Moreover, CLIP has also shown good zero-

shot and few-shot capabilities, which makes it an ideal candidate for a disaster response setting,

as labeled data is generally not available in the beginning of a disaster.

Considering the superior performance of transformer-based models in image classification

tasks and their ability to transfer well to downstream tasks with datasets of small or medium size,

they are a suitable option for disaster image classification tasks with limited labeled data. To this

end, we study the pre-trained CLIP (Radford et al., 2021), specifically its image-encoder compo-

nent, by comparison with other well-known pre-trained transformers, such as ViT (Dosovitskiy

et al., 2020) and CSWin (Dong et al., 2022), for disaster image classification in a variety of set-

tings. In addition, we use ConvNeXt (Liu et al., 2022), a CNN model that resembles hierarchical

vision Transformers, as a baseline CNN.

41



3.3 Approaches

In this section, we briefly review the approaches used in this study, including ViT, ConvNeXts,

CSWin, and CLIP.

3.3.1 Vision transformer (ViT)

ViT is a vision model based on the transformer architecture. The transformer was originally

designed for natural language processing (NLP) and resulted in performance improvements for

many NLP tasks (Dosovitskiy et al., 2020). The transformer utilizes a self-attention mechanism to

capture long-range dependencies and to produce a global feature representation of the input (Doso-

vitskiy et al., 2020). In ViT, the image is split into patches of fixed-size, which are processed by a

transformer encoder after being linearly embedded (Dosovitskiy et al., 2020). ViT adds a unique

CLS token to the input to obtain a global representation for classification tasks (Dosovitskiy et al.,

2020; Bhojanapalli et al., 2021).

3.3.2 Cross-shaped window transformer (CSWin)

CSWin is another vision model based on the transformer architecture. As opposed to ViT, which

was targeted at image classification, CSWin was developed for general-purpose vision tasks (Dong

et al., 2022). CSWin’s main component is a Self-Attention module, which executes self-attention

calculations in parallel by dividing multi-heads into parallel groups and processing the horizon-

tal and vertical stripes simultaneously. This technique results in an efficient enlargement of the

attention area for each token in a transformer block. Furthermore, by adjusting the stripe width ac-

cording to the network depth, the attention area can be further increased with minimal additional

computational cost. To enhance its capabilities, CSWin Transformer incorporates the Locally-

enhanced Positional Encoding (LePE), which can handle different input resolutions (Dong et al.,

2022).
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3.3.3 ConvNeXts

ConvNeXt is a pure convolution-based model which was designed by “modernizing” the ResNet

architecture to resemble a hierarchical vision transformer (Liu et al., 2022). Its architecture fea-

tures depthwise convolutions and an inverted bottleneck design, which reduces Floating Point

Operations (FLOPs) and enhances performance. Additionally, the incorporation of larger ker-

nel sizes improves the network’s global receptive field and accuracy. ConvNeXt has been shown

to rival transformers in terms of accuracy and scalability, while maintaining the simplicity and

efficiency of standard CNNs (Liu et al., 2022).

3.3.4 Contrastive language-image pre-training

CLIP is a multimodal architecture that enables joint training of NLP and computer vision en-

coders, by utilizing a contrastive loss. The contrastive loss encourages the model to produce

similar representations for semantically related image-text pairs, while dissimilar pairs are pushed

further apart in the joint image-text representation space (Radford et al., 2021). CLIP has been

trained in a self-supervised manner on a dataset of 400 million image-caption pairs, with ResNet-

50/ViT, respectively, as image encoders and BERT (Devlin et al., 2019) as a transformer-based

text encoder. We used ViT as the image encoder in this work. Therefore, when referring to the

use of the CLIP model in this chapter, we specifically mean CLIP with ViT as the image encoder

(and generally refer to this model simply as CLIP). Unlike traditional approaches that rely on

pre-defined object categories, CLIP learns to identify objects based on textual descriptions. This

enables CLIP to excel in tasks such as zero-shot and few-shot image classification. To perform

zero-shot image classification, the input image is paired one-by-one with the textual names of the

categories included in the classification task (e.g., text such as “A photo of a CLASS-NAME”),

and the pair is embedded with the pre-trained model. The encoded image is compared to all en-

coded categories to determine the category with the highest similarity (Radford et al., 2021; Khan

et al., 2022).
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3.4 Experimental setup

In this section, we provide an overview of the dataset used in our experiments, the experimental

setup, and the evaluation metrics used to evaluate the models.

3.4.1 Dataset

We have utilized the CrisisMMD dataset (Alam et al., 2018a) for our study. This dataset consists

of tweets containing images and texts from seven natural disasters, namely Hurricane Irma, Hur-

ricane Harvey, Hurricane Maria, California Wildfires, Mexico Earthquake, Iraq-Iran Earthquake,

and Sri Lanka Floods. We have focused on two different tasks available in the CrisisMMD dataset,

namely Informativeness task (i.e., predicting if an image is informative with respect to a particu-

lar disaster or not informative) and Humanitarian task (i.e., predicting the humanitarian category

associated with an informative image).

The Informativeness task is a binary classification task, specifically Informative (Inf.) and

Non-informative (Non-inf.) with respect to a disaster of interest. The original Humanitarian task

in CrisisMMD consists of eight categories, including affected-individuals, injured-or-dead-people,

missing-or-found-people, infrastructure-and-utility-damage, vehicle-damage, rescue-volunteering-

or-donation-effort, not-relevant-or-cant-judge, and other-relevant-information. We omitted the

missing-or-found-people category due to its relatively small number of instances. We refer to the

rescue-volunteering-or-donation-effort as Effort. Moreover, we combined the affected-individuals

and injured-or-dead-people categories into one category called affected-injured-or-dead-people or

simply Affected. Similarly, we combined infrastructure-and-utility-damage and vehicle-damage

categories into one category called Damage. Finally, we merged the not-relevant-or-cant-judge

and other-relevant-information categories into a single category called Other. Thus, the final

dataset consists of images in four categories: Affected, Damage, Effort and Other. The distribu-

tion of datasets for the Informativeness and Humanitarian tasks are presented in Table 3.1 and 3.2,

respectively.

44



Table 3.1: Data distribution of the CrisisMMD dataset for the informativeness task

Dataset Event Non-inf. Inf. Total
D0 California Fire 604 984 1588
D1 Hurricane Harvey 1982 2461 4443
D2 Hurricane Irma 2303 2222 4525
D3 Hurricane Maria 2330 2232 4562
D4 Iraq Iran Earthquake 200 400 600
D5 Mexico Earthquake 541 841 1382
D6 Sri Lanka Floods 773 252 1025

Table 3.2: Data distribution of the CrisisMMD dataset for the modified humanitarian task.

Dataset Affected Damage Effort Other Total
D0 38 601 205 139 983
D1 192 1032 666 570 2460
D2 62 887 366 907 2222
D3 153 924 439 711 2227
D4 101 182 44 72 399
D5 75 210 446 104 835
D6 51 101 69 31 252

Data Splits: We randomly split each dataset into three subsets: training (70%), development

(10%), and test (20%). We used three different random seeds for splitting, resulting in three

different splits for the training, development, and test subsets. Each experiment was run on the

three splits, and the results are reported in terms of averages over the three runs.

Note: In terms of utilizing the CrisisMMD dataset, there exist considerable variations in how

researchers split the datasets, determine the number of classes for each task, and whether they

present results based on the entire merged dataset or individual subsets. While Ofli et al. (2020)

established standard benchmark splits for CrisisMMD tasks when utilizing the dataset for multi-

modal approaches, there is an observed discrepancy in the adoption of CrisisMMD dataset across

studies, particularly when focusing on a single modality (text or image) for classification pur-

poses. Notably, when only image modality is used for classification, Alam et al. (2020a) provided

benchmark splits for the combined set of all seven datasets, as opposed to individual subsets.

Moreover, although humanitarian task has 8 categories, some investigations employ a modified
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4-class version of CrisisMMD for experimentation, as exemplified by Alam et al. (2020a), while

some others use a 5-class version, as evidenced in works such as (Ofli et al., 2020; Sirbu et al.,

2022; Kotha et al., 2022). Also some works report results for all the crisis events combined (Alam

et al., 2020a; Madichetty, 2020; Gautam et al., 2019), while some other studies report results for

different crisis events separately. In the latter case, specific studies use all seven events (Xukun

and Caragea, 2020; Madichetty et al., 2021), while others narrow their focus to a selected subset of

these events (Nalluru et al., 2019; Chen et al., 2020). Thus, a comparison of prior approaches that

have used the CrisisMMD dataset is hardly possible. Given this and our focus on the performance

of pretrained transformers and contrastive learning CLIP model by comparison with CNNs for

image classification in a variety of low-data settings, we have chosen to use classes that are well

represented in the dataset (sometimes obtained by merging two of the original classes as described

above). As we work with independent events, we also chose to split the data per event according

to standard practices to create three random splits. This allows us to report average results over

three splits (and thus capture variation in the performance of the models).

3.4.2 Evaluation metrics

In all experiments, we chose weighted precision, weighted recall, and weighted F1-score as the

evaluation metrics. We present only the F1-score values in the main result tables due to limited

space.

3.4.3 Experimental settings

We aim to study the effectiveness of the models considered in realistic scenarios, where little to no

labeled data is generally available for an emergent disaster. Specifically, we focus on zero-shot,

few-shot and in-domain/cross-domain transfer learning settings. Our baseline setting corresponds

to the traditional supervised setting, where labeled data is available to train a model for a specific

disaster of interest. Among the four models studied, ConvNetXt (a CNN model) is used as a

baseline for the transformer-based models (ViT and CSWin) and the contrastive learning model,
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CLIP. Note that we generally use the image encoder of CLIP, specifically ViT, in our experiments,

although we refer to the model as CLIP. More details for the different settings included in our

experimental design are provided below.

Event-specific supervised (baseline): In this setting, we train event-specific models (Con-

vNetXt, ViT, CSWin, and CLIP) for each of the seven datasets (events) in CrisisMMD separately.

Given an event dataset D, we use the training subset of the dataset D to train (fine-tune) the

pre-trained models for the Informativeness and Humanitarian tasks, respectively. We use the vali-

dation subset of D to select hyper-parameters, and the test subset of D to evaluate the performance

of the model. The term “event-specific” denotes the use of a single dataset for both the training

and test subsets.

Event-specific zero-shot: In the zero-shot setting, we evaluate the pre-trained CLIP model by

pairing each input test image with text representing category names, one at a time (e.g., “A photo

of affected, injured or dead people”). We select the category corresponding to the text with the

highest similarity with the input image. The test subset of an event dataset D is used to evaluate the

performance for that event. Note that we only use CLIP in the event-specific zero-shot setting as

the other models do not have the ability to assign specific labels to instances without any additional

fine-tuning.

Event-specific few-shot: In the few-shot setting, we use 1/5/10/20 instances per class to fine-

tune models (ConvNetXt, ViT, CSWin, and CLIP) for a particular event D. The instances used

are randomly selected from the training set of that event D in a cumulative fashion (by adding

more instances to the previous subset). The development and test subsets of D are used to select

hyper-parameters and to evaluate the performance of the models, respectively.

Based on the results of the experiments in the event-specific supervised and few-shot set-

tings (which will be discussed in Section 3.5), we selected CLIP as a best performing model

on our disaster-related tweet classification tasks and used it for additional experimentation with

in-domain and cross-domain transfer settings, as described below.

In-domain transfer: In this setting, we use CLIP models trained on prior events of a specific
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disaster type (called source events) to predict data from an emergent event of the same type (called

target event). The fine-tuning of the models is done on the training data from the source events.

The hyper-parameter selection and model evaluation are performed on the development and test

subsets of the target event, respectively. There are two types of disasters with multiple events in

the CrisisMMD dataset, specifically, hurricanes and earthquakes. Thus, we perform in-domain

experiments using these two types of disasters independently. In each in-domain experiment, one

event of a specific type is used as target, while the other event(s) are used as source.

Cross-domain transfer: In the cross-domain setting, we train models on source events of

some type(s) and evaluate the models on events of potentially different type. More specifically,

we consider two sub-settings here. First, we consider a one-versus-one setting in which the model

is trained on a source event of a particular disaster type (e.g., hurricane) and evaluated on a target

event of a different type (e.g., flood). This setting may be useful in situations where the source

and target events happen around the same time or at the same location, or if a prior event of the

same type as the target event is not available. Second, we consider the all-but-one setting (a.k.a.,

leave-one-out setting) where all available events (regardless of their type) are used as source to

train a model for a left-out target event. This setting is helpful in understanding if more training

data from a variety of events is better than a smaller amount of training data from more similar

events to a specific target event. The cross-domain models are fine-tuned on the training data

from the source events. The hyper-parameter selection and model evaluation are performed on the

development and test subsets of the target event, respectively.

3.4.4 Research questions

Our experiments aim to answer the following research questions (RQ):

(RQ1) Among the four models considered, which model yields the best results for disaster image

classification in the event-specific supervised and few-shot settings in both informativeness

(binary-class) and humanitarian (multi-class) tasks?
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(RQ2) How do the models perform in the few-shot setting by comparison with the supervised

learning setting?

(RQ3) How does the CLIP model perform in-domain and cross-domain by comparison with few-

shot/supervised settings?

(RQ4) What setting leads to the best results for an emergent disaster for which little or no labeled

data is available?

(RQ5) How does the performance of these four models compare with the CapsNet model, recog-

nized as the top-performing deep learning model in the prior chapter for the informativeness

task (given the consistent utilization of identical dataset splits for train, development, and

test sets across datasets of D0 to D6 in both this and the previous chapter, and considering

the previous chapter’s emphasis on experiments concerning the informativeness task)?

3.4.5 Hyper-parameters

A simple data augmentation approach was applied to the training set of each model. Images

were resized to 225 × 225 and then randomly cropped to 224 × 224. Additionally, images were

randomly flipped in the horizontal direction and normalized. For the test and development sets,

images were only resized to 224 × 224 and normalized. The specific pre-trained models used in

the experiments are as follows: “facebook/convnext-tiny-224” for ConvNeXts, “google/vit-base-

patch16-224-in21k” for ViT, “CSWin-Tiny (CSWin 64 12211 tiny 224)” for CSWin and “ViT-

B/32” for CLIP. The last layer in each pre-trained model was removed and replaced with a linear

classifier (along with dropout) that had the output size equal to the number of categories in a

particular task (specifically, 2 for the Informativeness task and 4 for the Humanitarian task). All

layers were frozen except for the last layer (corresponding to the linear classifier), whose param-

eters were randomly initialized and trained from scratch. We used the Adam optimizer, a batch

size of 32 and a maximum of 50 epochs for all experiments. The exact number of epochs for each

experiment was determined separately based on the development set. More detail information on
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Model Settings LR WD BS DP
CLIP In-domain 1e-4 1e-8 32 0.0

Cross-domain 1e-4 1e-8 32 0.0
1-Shot 8e-4 1e-7 2 0.4
5-Shots 5e-4 1e-7 2 0.2

10-Shots 8e-4 1e-7 4 0.4
20-Shots 7e-4 1e-7 4 0.4

ViT Trained by all 1e-4 0.0 32 0.0
1-Shot 7e-4 1e-7 2 0.4
5-Shots 7e-4 1e-7 2 0.4

10-Shots 7e-4 1e-7 4 0.4
20-Shots 7e-4 1e-7 4 0.4

CSWin Trained by all 1e-4 0.0 32 0.0
1-Shot 7e-4 1e-7 2 0.2
5-Shots 7e-4 1e-7 2 0.3

10-Shots 7e-4 1e-7 4 0.2
20-Shots 7e-4 1e-7 4 0.2

ConvNeXts Trained by all 1e-4 0.0 32 0.0
1-Shot 8e-4 0.0 2 0.3
5-Shots 8e-4 1e-7 2 0.2

10-Shots 8e-4 1e-7 4 0.2
20-Shots 8e-4 1e-7 4 0.2

Table 3.3: Hyperparameters for different models in various experimental settings for Informative-
ness task: learning rate (LR), weight decay (WD), training batch size (BS), and drop out (DP)

hyper-parameters including the learning rate (LR), weight decay (WD), dropout (DP), and batch

size for different experiment settings can be found in Tables 3.3 and 3.4. The best model according

to the development set was used to estimate the final performance on the corresponding test set.

3.5 Experimental results and discussion

In this section, we fist present the results of the experiments that we performed, followed by a

thorough discussion of the results and error analysis.
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Model Settings LR WD BS DP
CLIP In-domain 1e-4 1e-8 32 0.0

Cross-domain 1e-4 1e-8 32 0.0
1-Shot 8e-4 1e-7 4 0.5
5-Shots 7e-4 1e-7 8 0.3

10-Shots 7e-4 3e-7 4 0.3
20-Shots 7e-4 1e-7 8 0.3

ViT Trained by all 1e-4 0.0 32 0.0
1-Shot 8e-4 1e-7 4 0.2
5-Shots 8e-4 1e-7 4 0.2

10-Shots 1e-3 1e-7 4 0.2
20-Shots 1e-3 1e-7 8 0.1

CSWin Trained by all 1e-4 1e-8 32 0.0
1-Shot 7e-4 1e-7 4 0.2
5-Shots 8e-4 1e-7 4 0.2

10-Shots 8e-4 1e-7 4 0.3
20-Shots 8e-4 1e-7 8 0.2

ConvNeXts Trained by all 1e-4 1e-8 32 0.0
1-Shot 7e-4 1e-7 4 0.3
5-Shots 8e-4 1e-7 4 0.2

10-Shots 1e-3 1e-7 4 0.2
20-Shots 1e-3 1e-7 8 0.3

Table 3.4: Hyperparameters for different models in various experimental settings for Humanitarian
task: learning rate (LR), weight decay (WD), training batch size (BS), and drop out (DP)

3.5.1 Results

Tables 3.5, 3.6 show the results of the comparison between the ConvNeXts, ViT, CSWin and

CLIP models in event-specific supervised for both Informativeness task and Humanitarian task,

respectively. Tabels 3.7, and 3.8 shows the results of the comparison between the same models

in event-specific few-shot settings for both Informativeness task and Humanitarian task. The two

latter tables also show the zero-shot results for the CLIP model. The tables show Precision, Recall,

and F1 scores for each event and also averages over all events for the supervised setting. In the

few-shot setting, the Precision, Recall, and F1 scores corresponding to k instances (shots) per class

( k = 0, 1, 5, 10 and 20, respectively) are averaged over all events in the dataset. Moreover, to

facilitate comparison, the F1-scores of models in event-specific supervised and few-shot settings
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are shown in Figures 3.1 and 3.2, respectively. The supervised setting is used as a baseline for

the few-shot setting, while the ConvNeXts is used as a baseline for the transformer/CLIP models.

The best F1-score in each row is bold-faced.

Tables 3.9, 3.10, 3.11, 3.12, 3.13, and 3.14 present additional results for CLIP, the best per-

forming model overall. Specifically, few shot results (with 20 instances per class), and in-domain

and cross-domain transfer results are shown for each event separately, for both Informativeness

and Humanitarian tasks, by comparison with the results of the supervised setting, which is the

baseline setting.

3.5.2 Discussion

In what follows, we will use the results presented in in Tables 3.5, 3.6, 3.7, 3.8, 3.10, 3.11, 3.12,

3.13, and 3.14, along with the Figures 3.1 and , 3.2, to answer our research questions in Section

3.4.4.

(RQ1) Among the four models considered, which model yields the best results for disaster im-

age classification in the event-specific supervised and few-shot settings? The results in Tables 3.5,

3.6, 3.7, and 3.8, along with the F1-scores of the corresponding models in Figures 3.1 and , 3.2 (to

facilitate comparison), indicate that for both tasks, CLIP generally outperforms the other models

in terms of F1-score by a large margin, in both supervised and few-shot settings. For example,

in the supervised setting, for the informativeness task, CLIP’s average F1-score over the seven

events in the dataset is 86.571, while the average F1-score of the ConvNetXts baseline is 82.292.

Similarly, for the humanitarian task, CLIP’s average F1-score is 81.805, while ConvNetXts’s av-

erage F1-score is 78.198. Similar results can be observed in the few-shot setting, where CLIP

consistently and significantly outperforms ConvNetXts for both tasks. Notably, CLIP improves

ConvNetXts’s average F1-score by almost 10% for the informativeness task, when 5 shots are

used. It is also remarkable to see that CLIP has an average F1-score of approximately 50% in the

zero-shot setting for both tasks, although as expected fine-tuning the model using a small number

of instances improves the performance. We believe that the superior performance of CLIP, fol-
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Dataset Metric Models
CLIP ConvNeXts CSWin ViT

D0 Precision 87.018 85.403 83.164 86.504
Recall 86.897 85.430 83.229 86.373
F1-score 86.832 85.335 82.962 86.269

D1 Precision 87.494 82.753 81.521 85.118
Recall 87.425 82.770 81.269 85.098
F1-score 87.431 82.741 81.062 85.105

D2 Precision 84.895 79.899 79.001 80.636
Recall 84.862 79.816 78.784 80.626
F1-score 84.853 79.808 78.763 80.622

D3 Precision 84.806 79.607 79.852 81.361
Recall 84.759 79.605 79.825 81.250
F1-score 84.745 79.606 79.824 81.216

D4 Precision 84.669 82.566 81.071 83.057
Recall 84.722 80.833 80.833 81.667
F1-score 84.596 81.236 80.915 81.896

D5 Precision 86.536 81.578 81.943 80.214
Recall 86.473 81.642 82.005 80.314
F1-score 86.495 81.500 81.949 80.051

D6 Precision 91.038 85.728 86.744 88.470
Recall 91.057 86.179 86.179 88.780
F1-score 91.047 85.819 86.392 88.412

Avg Precision 86.637 82.505 81.899 83.623
Recall 86.599 82.325 81.732 83.444
F1-score 86.571 82.292 81.695 83.367

Table 3.5: Experimental results of models in supervised settings for the informativeness task. The
Precision, Recall, and F1-scores for each event are reported, along with the average metrics across
the seven datasets summarized in the Avg row. Models compared include ConvNeXts (baseline
CNN model) and ViT, CSWin and CLIP (transformer-based models). The best Precision, Recall,
and F1-score in each row is bold-faced.

lowed by ViT as the second-best model, can be attributed to several factors, including the use of

the ViT model itself as the image encoder of CLIP, and also the fact that CLIP was pre-trained on

a large and diverse corpus of multimodal image-caption pairs, thus enabling the model to identify

more subtle image concepts that the text describes and also to generalize well to different domains

and tasks.

When analyzing the results of the two transformer models (CSWin and ViT), we can see that
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Dataset Metric Models
CLIP ConvNeXts CSWin ViT

D0 Precision 81.523 80.308 78.043 74.835
Recall 81.973 80.442 79.252 76.190
F1-score 81.047 78.999 77.698 72.779

D1 Precision 83.872 81.418 80.149 80.970
Recall 83.943 82.249 80.759 81.911
F1-score 82.772 80.915 79.583 80.371

D2 Precision 84.440 83.612 85.398 84.274
Recall 86.336 85.060 85.811 86.282
F1-score 85.097 83.832 84.960 84.912

D3 Precision 86.468 84.163 84.190 84.882
Recall 86.547 85.202 84.753 85.277
F1-score 86.072 84.214 84.027 84.219

D4 Precision 82.112 79.735 78.599 80.315
Recall 82.083 79.167 78.750 79.583
F1-score 80.531 76.069 77.278 77.786

D5 Precision 83.409 76.351 76.455 79.348
Recall 82.236 74.850 76.048 77.246
F1-score 80.870 72.473 74.924 74.978

D6 Precision 78.012 76.943 66.121 76.857
Recall 76.667 73.333 65.333 74.667
F1-score 76.243 70.887 64.374 75.052

Avg Precision 82.834 80.361 78.422 80.212
Recall 82.826 80.043 78.672 80.165
F1-score 81.805 78.198 77.549 78.585

Table 3.6: Experimental results of models in supervised settings for the humanitarian task. The
Precision, Recall, and F1-scores for each event are reported, along with the average metrics across
the seven datasets summarized in the Avg row. Models compared include ConvNeXts (baseline
CNN model) and ViT, CSWin and CLIP (transformer-based models). The best Precision, Recall,
and F1-score in each row is bold-faced.

ViT is overall better than ConvNetXts, but worse than CLIP. However, ViT’s improvement over

ConvNetXts is more significant for the informativeness task, while the results of the two models

are somewhat comparable for the humanitarian task. Finally, CSWin seems to have the worse

overall performance on the two disaster image classification tasks in our study.

(RQ2) How do the models perform in the few-shot setting by comparison with the supervised

learning setting? Average Precision, Recall and F1 scores over the seven events in the dataset
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Figure 3.1: The graph for F1-score comparison of informativeness and humanitarian tasks for
event-specific supervised setting
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#Shots Metric CLIP ConvNeXts CSWin ViT
0 Precision 53.194 - - -

Recall 50.853 - - -
F1-score 50.816 - - -

1 Precision 69.510 57.914 55.679 63.784
Recall 64.299 55.545 49.036 61.342
F1-score 61.694 55.791 50.111 61.458

5 Precision 78.438 69.198 69.482 71.685
Recall 76.548 66.378 65.183 69.729
F1-score 76.418 66.670 66.070 69.805

10 Precision 80.383 72.645 72.885 74.035
Recall 78.978 70.097 69.535 72.340
F1-score 78.972 70.292 70.252 72.416

20 Precision 82.520 74.899 76.480 77.597
Recall 81.668 73.031 72.886 76.482
F1-score 81.713 73.077 73.772 76.476

All Precision 86.637 82.505 81.899 83.623
Recall 86.599 82.325 81.732 83.444
F1-score 86.571 82.292 81.695 83.367

Table 3.7: Experimental results of models in event-specific zero-shot and few-shot settings for
the informativeness task. Precision, Recall, and F1-scores for each zero- or few-shot experiment
are averaged over all events in the dataset and reported, along with the average metrics across
the seven datasets from event-specific supervised settings summarized in the All row. Models
compared include ConvNeXts (baseline CNN model) and ViT, CSWin and CLIP (transformer-
based models). The best Precision, Recall, and F1-score in each row is bold-faced.

can be seen in Tables 3.5, and 3.6; and 3.7, 3.8, (lower part) for all models considered, in the

supervised setting (All) and also in the few-shot setting (where 1, 5, 10, and 20 instances per class

are used, respectively). Similarly, average F1 scores over the seven events in the dataset in the

supervised learning setting can be seen in Figures 3.2, in All (supervised) block, for an easy visual

comparison. While the results obtained in the supervised setting are better than those obtained

in the few-shot setting, it is impressive to see that the results of the CLIP model fine-tuned with

only 20 instances per class are relatively close to the results obtained in the supervised setting.

Specifically, there is approximately 5% difference between the supervised CLIP results and the

20-shot results for both the informativeness and humanitarian tasks. It is also interesting to see that

there is a significant jump from the results obtained with 1-shot versus 5-shot CLIP, especially for
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#Shots Metric CLIP ConvNeXts CSWin ViT
0 Precision 57.791 - - -

Recall 51.513 - - -
F1-score 49.688 - - -

1 Precision 58.261 51.989 60.838 56.922
Recall 48.226 47.078 58.417 49.302
F1-score 47.855 47.508 58.285 49.262

5 Precision 71.200 66.486 69.745 69.510
Recall 66.106 63.475 66.797 64.299
F1-score 67.044 63.792 66.746 61.694

10 Precision 76.928 72.280 72.601 71.967
Recall 73.661 70.203 69.234 70.094
F1-score 74.594 70.208 69.205 70.179

20 Precision 79.451 75.804 74.284 75.793
Recall 76.474 73.545 72.238 74.293
F1-score 76.805 73.958 72.241 73.951

All Precision 82.834 80.361 78.422 80.212
Recall 82.826 80.043 78.672 80.165
F1-score 81.805 78.198 77.549 78.585

Table 3.8: Experimental results of models in event-specific zero-shot and few-shot settings for
the humanitarian task. Precision, Recall, and F1-scores for each zero- or few-shot experiment
are averaged over all events in the dataset and reported, along with the average metrics across
the seven datasets from event-specific supervised settings summarized in the All row. Models
compared include ConvNeXts (baseline CNN model) and ViT, CSWin and CLIP (transformer-
based models). The best Precision, Recall, and F1-score in each row is bold-faced.

Dataset Precision Recall F1-score
D0 83.376 83.124 82.811
D1 81.917 81.907 81.854
D2 80.100 79.705 79.650
D3 79.304 78.838 78.782
D4 82.144 80.278 80.531
D5 81.854 81.643 81.609
D6 88.944 86.179 86.751
Avg 82.520 81.668 81.713

Table 3.9: CLIP experimental results of event-specific models in event-specific few-shot settings
(20 shots) for the informativeness task. Precision, Recall, and F1-scores for each event are re-
ported, along with the average metrics across the seven datasets summarized in the Avg row.

57



Figure 3.2: The graph for F1-score comparison of informativeness and humanitarian tasks for
event-specific zero-short and few-shot settings
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Dataset Precision Recall F1-score
D0 82.023 77.891 78.724
D1 77.544 72.154 74.186
D2 83.842 78.979 80.737
D3 85.837 82.586 83.598
D4 81.548 81.250 81.297
D5 76.512 72.455 73.097
D6 68.848 70.000 65.997
Avg 79.451 76.474 76.805

Table 3.10: Experimental results of CLIP model in event-specific few-shot settings (20 shots) for
the humanitarian task. Precision, Recall, and F1-scores for each event are reported, along with the
average metrics across the seven datasets summarized in the Avg row.

Source Target Precision Recall F1-score
All but D0 D0 86.436 85.744 85.841
All but D1 D1 87.140 86.787 86.822
All but D2 D2 85.048 85.009 85.000
All but D3 D3 84.144 84.137 84.138
All but D4 D4 84.384 83.056 83.366
All but D5 D5 87.355 86.836 86.936
All but D6 D6 90.653 90.081 90.264

Table 3.11: Experimental results of CLIP model in cross-domain transfer settings (all-but-one) for
the informativeness task. The Precision, Recall, and F1-scores for each event are reported in each
row.

Source Target Precision Recall F1-score
All but D0 D0 78.286 78.061 76.415
All but D1 D1 81.605 82.453 81.524
All but D2 D2 87.227 86.712 86.294
All but D3 D3 84.146 84.828 83.765
All but D4 D4 87.354 81.667 82.81
All but D5 D5 74.118 65.868 65.441
All but D6 D6 81.996 80.000 79.034

Table 3.12: Experimental results of CLIP model in cross-domain transfer settings (all-but-one) for
the humanitarian task. The Precision, Recall, and F1-scores for each event are reported in each
row.

the humanitarian task. The other models also improve significantly as more instances are used and

their results get close to the results of their supervised counterparts that use all the available data.
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Source Target Precision Recall F1-score
D2 + D3 (Hurricane) D1 (Hurricane) 86.189 85.886 85.922
D1 + D3 (Hurricane) D2 (Hurricane) 85.173 85.157 85.151
D1 + D2 (Hurricane) D3 (Hurricane) 84.558 84.539 84.54
D5 + D2 (Earthquake) D4 (Earthquake) 86.458 85.833 85.992
D4 + D2 (Earthquake) D5 (Earthquake) 82.151 82.246 82.039

Table 3.13: Experimental results of CLIP model in in-domain transfer settings (cross-event) for
the informativeness task. The Precision, Recall, and F1-scores for each event are reported in each
row.

Source Target Precision Recall F1-score
D2 + D3 (Hurricane) D1 80.961 82.317 80.98
D1 + D3 (Hurricane) D2 85.738 86.336 85.477
D1 + D2 (Hurricane) D3 85.351 85.575 84.576
D5 + D2 (Earthquake) D4 82.518 61.667 63.821
D4 + D2 (Earthquake) D5 66.307 42.715 34.563

Table 3.14: Experimental results of CLIP model in in-domain transfer settings (cross-event) for
the humanitarian task. The Precision, Recall, and F1-scores for each event are reported in each
row.

Source Target Precision Recall F1-score
D3 (Hurricane) D0 (Fire) 85.057 84.277 84.423
D5 (Earthquake) D0 (Fire) 84.514 83.229 83.430
D6 (Flood) D0 (Fire) 78.687 62.683 61.113
D0 (Fire) D3 (Hurricane) 81.563 79.130 78.626
D5 (Earthquake) D3 (Hurricane) 79.585 79.496 79.462
D6 (Flood) D3 (Hurricane) 80.877 76.645 75.675
D0 (Fire) D5 (Earthquake) 80.692 78.623 78.852
D3 (Hurricane) D5 (Earthquake) 84.506 83.575 83.734
D6 (Flood) D5 (Earthquake) 81.310 68.358 67.489
D0 (Fire) D6 (Flood) 88.536 88.780 88.401
D3 (Hurricane) D6 (Flood) 90.967 90.569 90.696
D5 (Earthquake) D6 (Flood) 90.146 89.431 89.640

Table 3.15: Experimental results of CLIP model in cross-domain transfer settings (one-versus-
one) for the informativeness task. The Precision, Recall, and F1-scores for each event are reported
in each row.

Notably, CSWin has the best 1-shot result for the humanitarian task, but not for the informativeness

task. These results together, and especially CLIP’s few-shot results, show that a small number of
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Source Target Precision Recall F1-score
D3 (Hurricane) D0 (Fire) 78.132 77.381 74.287
D5 (Earthquake) D0 (Fire) 78.038 76.701 76.283
D6 (Flood) D0 (Fire) 71.920 67.347 58.872
D0 (Fire) D3 (Hurricane) 77.558 81.390 78.804
D5 (Earthquake) D3 (Hurricane) 82.260 80.718 80.295
D6 (Flood) D3 (Hurricane) 72.652 65.022 60.798
D0 (Fire) D5 (Earthquake) 66.707 58.084 56.731
D3 (Hurricane) D5 (Earthquake) 72.899 62.675 61.605
D6 (Flood) D5 (Earthquake) 63.367 42.515 38.179
D0 (Fire) D6 (Flood) 55.520 69.333 61.457
D3 (Hurricane) D6 (Flood) 79.533 78.000 75.031
D5 (Earthquake) D6 (Flood) 69.529 63.333 60.317

Table 3.16: Experimental results of CLIP model in cross-domain transfer settings (one-versus-
one) for the humanitarian task. The Precision, Recall, and F1-scores for each event are reported
in each row.

instances from an emergent disaster event may be enough to obtain models that can be used to

filter useful data in nearly real-time as a disaster emerges.

(RQ3) How does CLIP perform in in-domain/cross-domain settings versus few-shot/supervised

settings? The results of the in-domain/cross-domain experiments and the few-shot/supervised ex-

periments are shown in Tables 3.13, 3.14, 3.11, 3.12, 3.9, 3.10, 3.5, and 3.6 . As can be seen,

the in-domain transfer and cross-domain transfer (all-but-one) results are generally better than the

event-specific few-shot results but worse than the supervised results. However, there are some

cases where these models produce better results than their supervised counterparts. Specifically,

the in-domain transfer setting has better results than the baseline in 3 out of 14 cases, while the

the cross-domain (all-but-one) setting has better results in 5 out of 14 case.

When analyzing the results of the cross-domain transfer (one-versus-one), we can see that they

are sometimes better and sometimes worse than the few-shot results, depending on how similar

the source and target events are in terms of disaster scene (e.g., Hurricane Maria/Sri Lanka Floods)

or the time when they happened (e.g., Hurricane Maria/Mexico Earthquake), among others.

(RQ4) What setting leads to the best results for an emergent disaster for which little or no

labeled data is available? While models trained/fine-tuned in the supervised setting give com-
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petitive results overall, supervised models fine-tuned with a relatively large amount of labeled

data are not practical to use for an emergent disaster as labeled data is simply not available in the

early hours of the disaster. Considering the other more practical settings, the best non-supervised

results for the informativeness task are split between the in-domain transfer and cross-domain

transfer (all-but-one) settings, which assume no labeled data from the target disaster. However,

even when the in-domain transfer results are better, the cross-domain transfer (one-but-all) mod-

els follow closely behind, making this type of model a strong candidate for filtering informative

tweets in the early hours of a disaster event. Similarly, the cross-domain (all-but-one) models are

also strong candidates for being used to filter tweets according to various humanitarian categories

in the early hours of a disaster.

(RQ5) How does the performance of these four models compare with the CapsNet model, rec-

ognized as the top-performing deep learning model in the prior chapter for the informativeness

task (given the consistent utilization of identical dataset splits for train, development, and test

sets across datasets of D0 to D6 in both this and the previous chapter, and considering the pre-

vious chapter’s emphasis on experiments concerning the informativeness task)? To address this

research question, a visual comparison was conducted to avoid redundancy with the results from

the previous chapter. The F1-scores of the CapsNet model across datasets D0 to D6 were inte-

grated into the informativeness graph in Figure 3.1. As depicted in the graph, it is evident that

CLIP consistently outperforms the other models, including CapsNet, across all datasets. Notably,

the F1-scores of CLIP are substantially higher than that of CapsNet, particularly on datasets D2,

D1, and D5.

For ConvNeXts, CSWin, and ViT, their F1-scores are mostly higher than CapsNet with two

exceptions. Specifically, on dataset D0, CapsNet achieved an F1 score of 83.515, slightly surpass-

ing CSWin with an F1 score of 82.962. Additionally, on dataset D4, CapsNet’s F1 score of 82.210

was marginally higher than ConvNeXts, CSWin, and ViT, with F1 scores of 81.236, 80.915, and

81.896 respectively.

This suggests that in the early stages of a disaster, using an off-the-shelf CLIP models previ-
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ously fine-tuned using as many images as available from diverse prior disasters may help achieve

high performance on the target disaster. In fact, the performance may be similar to what one

might obtain when using an event-specific supervised setting. As the disaster unfolds and some

labeled instances from the target disaster become available, one may also consider fine-tuning a

pre-trained CLIP model using directly instances from the target disaster.

3.6 Error analysis

We focus our error analysis on the humanitarian classification task. To understand what types

of errors that different models make for different types of events, in Figure 3.3, we show confu-

sion matrices for the best performing models, specifically, event-specific supervised models (left),

event-specific 20-shot models (middle) and all-but-one models (right). From top to bottom, re-

sults are shown for a fire (D0), a hurricane (D3), an earthquake (D5) and a flood (D6). Based

on the analysis of these confusion matrices, combined with analysis of correctly classified and

misclassified images shown in Figure 3.4, several trends can be observed:

• The models often confuse the categories of Affected or Effort and Damage, especially when

there are both humans/cars and signs of destruction in the image (for instance, images (d),

(e), (m), (n), (q), (r), and (s) in Figure 3.4). This confusion arises because both categories

can be inferred from the image. Particularly, if the destruction occupies a larger portion

of the image, it is more likely to be categorized as Damage even if the label for the image

is Affected or Effort. In some cases, multiple labels can be considered valid, as the image

is related to damage, and there are people in the image affected by the disaster or making

efforts to help the victims. However, each image in the dataset has only one label.

• Another issue identified, especially in the few-shot setting, is that the models have difficulty

recognizing Effort images. These images are often categorized as Affected since there are

people present in the image (for instance, image (l) in Figure 3.4). The models may need

more exposure to instances where specific items such as hats, gloves, or uniforms are worn
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in Effort images to better understand their distinctive characteristics. In contrast, it is inter-

esting to see that the few-shot models have best performance on the Affected class for the

fire, hurricane and earthquake events.

• In Effort images, dogs are commonly present (for search and rescue purposes). Conse-

quently, models sometimes misclassify images with dogs as Effort even if it is evident that

the dogs are in distress (for instance, image (j) in Figure 3.4).

• Additionally, the model tends to incorrectly classify images with a significant amount of red

or orange color as Damage since it associates these colors with fire. This association leads

to misclassifications when the color is present in contexts unrelated to fire.

• While the Damage category has overall the largest number of false positives, it also has the

largest number of true positives in all settings (according to the confusion matrices in Figure

3.3).

• Based on the confusion matrices, it is also interesting to see that in some cases (e.g., for the

flood event), the patterns observed for supervised and all-but-one models are very similar ,

which shows that the diverse images in the all-but-one training subsets are sufficient to train

effective models for a target event for which no labeled data is yet available.

3.7 Conclusion

We studied the use of advanced deep learning models, specifically transformer models, ViT/CSWin,

and contrastive learning, CLIP, by comparison with a CNN-based model of ConvNeXts, for dis-

aster image classification. Experimental results showed that CLIP outperformed the transformer

models and also ConvNeXts in all settings for binary-class Informativeness and multi-class Hu-

manitarian tasks. This suggests that transformer/contrastive learning models, pre-trained on large
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amounts of data can capture diverse and complex patterns and can be potentially effective in dis-

aster response efforts. Accurate and timely identification of disaster images provide useful situa-

tional awareness information and can greatly assist in response and recovery efforts. Overall, our

study provides valuable insights into the potential of vision transformers and contrastive learning

models for disaster response and highlights the importance of their usage in this field, to better

support sustainable cities and communities and improve resilience. Future work can explore the

use of other types of data, such as text, in conjunction with images to create multi-modal models

for disaster response efforts.
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(a) D0→D0 (F1: 81.047) (b) 20-S, D0→D0 (F1: 78.724) (c) All-but-D0→D0 (F1: 76.415)

(d) D3→D3 (F1: 86.072) (e) 20-S, D3→ D3 (F1: 83.598) (f) All-but-D3→D3 (F1: 83.765)

(g) D5→D5 (F1: 80.870) (h) 20-S, D5→ D5 (F1: 73.097) (i) All-but-D5→D5 (F1: 65.441)

(j) D6→D6 (F1: 76.243) (k) 20-S, D6→ D6 (F1: 65.997) (l) All-but-D6→D6 (F1: 79.034)

Figure 3.3: The confusion matrices of humanitarian tasks with D0 (Fire), D3 (Hurricane), D5
(Earthquake), and D6 (Flood) as the Target Domain, across different settings: Event-specific su-
pervised, Event-specific 20-shot (20-S), and Cross-domain transfer (all-but-one)
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Figure 3.4: Error Analysis Images for Humanitarian Tasks with D0 (Fire), D3 (Hurricane), D5
(Earthquake), and D6 (Flood) as the target event: These figures illustrate classification instances
correctly classified and misclassified in various settings, including supervised, 20-shot, and all-
but-one. In each row, the left side displays the name and type of the disaster. The captions for each
image follow this format: (true label, (predicted by supervised, predicted by 20-shots, predicted
by all-but-one)). True labels are depicted in black, while predicted labels are shown in green for
correct classifications and in red for misclassifications. The first letter of each class represents the
labels: Others (O), Affected (A), Effort (E), and Damage (D).
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Chapter 4

A comparison study for disaster tweet

classification using deep learning models

4.1 Introduction

Social media plays a significant role in many people’s lives and has changed the way people com-

municate virtually (Young et al., 2020). Being a faster way of news distribution and providing

a two-way communication channel, social media has been increasingly gaining popularity and

has grown into a main medium of human interaction and communication (Young et al., 2020).

Therefore, it is not surprising that many people turn to social media during disaster events. (such

as earthquakes, hurricanes, fires, etc.). They use social media platforms to connect with family

and friends, to seek help and emotional support, to find information about food, shelter and trans-

portation and to share and distribute information and news (Ahmed, 2011), especially as standard

communication mediums (such as 911 lines) may be unavailable due to the large number of calls

received during disasters (Villegas et al., 2018). For example, during the floods caused by Hur-

ricane Harvey in Texas in August 2017, not being able to get through emergency lines, a lot of

trapped people started posting messages on Twitter pleading for help. A baby was saved after

the following message, along with a picture of a sleeping baby, was posted “Please help us she
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is a newborn” (Koren, 2017). Such posts are of great importance for response organizations as

they contain real-time information shared by eyewitnesses during ongoing disasters and can save

lives (Roy et al., 2021).

The usefulness of information obtained from social media platforms for disaster response and

management has been widely described in numerous works (Imran et al., 2020a). However, the

data obtained from social media are noisy and contain irrelevant information, especially due to

the large volume of tweets posted during emerging disasters (Alam et al., 2018c) and thus, the

extraction and processing of relevant information is too difficult, time-consuming and costly to

be manually conducted (Roy et al., 2021). Therefore, computational techniques are required to

efficiently filter relevant posts, so that situational and actionable information can be acquired and

used by emergency responders for helping the affected population (Alam et al., 2018c).

Some existing studies have utilized traditional machine learning (ML) techniques to process

crisis-related social media data and help emergency response crews with extracting relevant posts

out and use them to improve relief operations by identifying crisis relevant posts (Imran et al.,

2018; Mazloom et al., 2019). More recent studies have used deep learning (DL) methods for this

purpose (Roy et al., 2021; Alam et al., 2023; Khajwal et al., 2023; Sathishkumar et al., 2023;

Li and Caragea, 2020; Kabir and Madria, 2019; Li et al., 2018; Taghian and Caragea, 2023b).

In particular, the effectiveness of transformer-based models (e.g., BERT) in terms of classifying

disaster tweets has been shown. For example, in a recent study (Alam et al., 2020b), BERT-type

models had better performance as compared to convolutional neural networks (CNN) and FastText

models (Joulin et al., 2016), and are currently considered to be state-of-the-art models for disaster

tweet classification.

Another recent deep learning model which has also shown high potential in the text classifica-

tion field is CapsNet model, first introduced for image classification (Sabour et al., 2017), which

has been shown to outperform baseline models such as CNN, SVM-based models, and LSTM-

based models in tasks such as sentiment classification (Wu et al., 2020; Zhang et al., 2018; Zhao

et al., 2018), question categorization (Zhao et al., 2018), question answering (Zhao et al., 2019a),
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news categorization (Zhao et al., 2018), and text classification (Chen et al., 2023). The superiority

of CapsNet models has been demonstrated using various capsule architectures, including NLP-

Capsule and CapsuleDAR (Zhang et al., 2018). In several studies, CapsNet models have exceeded

baselines on multiple datasets and have proven their capability in transferring information from

single-label to multi-label text classification (Zhao et al., 2018).

Given that CapsNet models have shown promising results for disaster image classification (Taghian

and Caragea, 2021), due to their hierarchical structure preserving spatial relationships between

features and given that they have also been effective for different text classification tasks, we

aim to explore if using CapsNets can benefit crisis-related tweet classification tasks, as com-

pared to BERT models and two other popular sequential models, LSTM and Bi-LSTM. Another

motivation for this study was a lack of extensive comparison between CapsNets and state-of-

the-art BERT models for disaster text classification, based on a careful literature review that we

conducted. Therefore, we compared CapsNets with the state-of-the-art BERT model and also

LSTM/Bi-LSTM models on the tasks of classifying crisis-related tweets in terms of both their

informativeness with respect to disaster response (binary classification) and their humanitarian

content (multi-class classification). For this purpose, we performed an extensive set of exper-

iments using three datasets: CrisisLex, CrisisNLP, and CrisisBench, with the last one being a

benchmark dataset consolidating eight prior datasets.

The rest of the chapter is structured as follows. Section 2 discusses the related work. Sec-

tion 3 describes methods including LSTM/Bi-LSTM, CapsNets and their applications in NLP,

and BERT. Sections 4 and 5 describe the implementation details (i.e., dataset, performance met-

rics, baselines, and experimental setup) and the result analysis, respectively. Finally, Section 6

concludes the chapter.
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4.2 Related work

Text classification, one of the main tasks in natural language processing (NLP), has been widely

explored in a variety of application domains (Kowsari et al., 2019). It has many time-critical ap-

plications, one of them being social media disaster message filtering and classification for disaster

response.

Numerous traditional ML and NLP methods have been used to filter disaster-related tweets (Im-

ran et al., 2018). Given that manually extracting the features required by ML methods is time-

consuming and leads to loss of important textual elements, in recent years, DL approaches have

been used to filter useful tweets for disaster response (Roy et al., 2021; Li and Caragea, 2020;

Kabir and Madria, 2019). For example, Caragea et al. (2016) used CNNs to identify informative

tweets posted during disaster events. Neppalli et al. (2018) performed a comparative study be-

tween deep learning models, such as CNNs and recurrent neural networks (RNNs). The authors

showed that the DL models outperformed the standard ML classifiers on disaster-tweet classifica-

tion even though only a small amount of labeled data was used for training the models. Further-

more, they showed that the CNN model outperformed the RNN model. Roy et al. (2021) proposed

a hybrid CNN model that combines word and character-level embeddings to classify tweets into

several disaster-related categories. Kabir and Madria (2019) designed a DL approach by combin-

ing attention-based Bi-directional Long Short-Term Memory (Bi-LSTM) networks with CNNs,

and creating an auxiliary feature map to categorize the tweets.

Most recently, several studies have explored the use of transformer-based models for disaster

tweets classification (Chanda, 2021; Ningsih and Hadiana, 2021; Zahera et al., 2019; Maharani,

2020; Naaz et al., 2021; Ray Chowdhury et al., 2020). For example, Ma (2019) showed that the

BERT model outperformed the Bi-LSTM model but had the similar performance to customised

BERT-based models that combined BERT with LSTM or CNN networks (i.e., BERT+LSTM

and BERT+CNN). Alam et al. (2020b) compared three transformer-based models (BERT, Dis-

tilBERT, RoBERTa) with CNN and FastText models for both informativeness and humanitarian

tasks on three datasets (one of them being the benchmark dataset, named CrisisBench). The au-
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thors showed that the transformer-based models outperformed the CNN and FastText models,

while the performance of the transformer-based models was similar. Given these results of prior

studies, we consider BERT to be a state-of-the-art model for disaster tweet classification, and

include it as a strong model in our study.

In the last few years, the CapsNet model proposed by Sabour et al. (2017) has gained a lot

of attention in the area of image classification. Thanks to the dynamic routing procedure, Cap-

sNets are capable of preserving spatial relationships between features, and can thus overcome one

of the fundamental limitations of CNNs - the information loss caused by the use of pooling to

achieve translation invariance (Patrick et al., 2022). While used in many application domains,

CapsNet models have been explored in the context of disaster image classification with promising

results (Taghian and Caragea, 2021). Given the results produced by CapsNets in image classi-

fication, Zhao et al. (2018) explored CapsNets with dynamic routing for text classifications and

showed that they can achieve competitive results.

Following Zhao et al. (2018), many other authors have used the CapsNet model or its variants

for the purpose of text classification in a variety of application domains (Zhao et al., 2019a; Wu

et al., 2020; Zhang et al., 2018; Zhao et al., 2018; Demotte et al., 2021; Khikmatullaev, 2019;

Yang et al., 2019; Kim et al., 2020). As some examples, Yang et al. (2019) proposed a cross-

domain capsule network (TL-Capsule) and demonstrated its knowledge transfer capability for

text classification, while Kim et al. (2020) incorporated an ELU-gate in the architecture of Cap-

sNets and introduced a static routing procedure. A comparison between the static and dynamic

routing on seven benchmark datasets showed the superiority of the static routing variant. Demotte

et al. (2021) used shallow and deep CapsNets with both dynamic and static routing for social

media content analysis and showed that shallow CapsNets with static routing outperformed deep

CapsNets with either dynamic or static routing.

Despite the use of CapsNets for text classification and its proven superiority over CNN and

RNN models, to the best of our knowledge, there is no prior study that extensively compares

CapsNets with BERT-type models on text classification. Furthermore, CapsNets have not been
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explored for disaster tweet classification, although they have shown promising results on disas-

ter image classification (Taghian and Caragea, 2021). Therefore, the objective of our work was

to perform a comprehensive comparison between CapsNet and BERT models on disaster tweet

classification. We focused on CapsNets with both static and dynamic routings (Kim et al., 2020),

among which static routing has given better results in prior works (Demotte et al., 2021; Kim

et al., 2020), and addressed two specific tasks useful for disaster response: filtering tweets based

on informativeness (a binary classification task) and identifying a tweet’s humanitarian category (a

multi-class classification task). We used three existing datasets in our experiments: CrisisLex, Cri-

sisNLP, and CrisisBench, a benchmark dataset consolidating eight existing datasets (Alam et al.,

2020b). In addition to the CapsNet and BERT models, we include LSTM/Bi-LSTM models in our

study given that these models have been used as strong baselines for CapsNet and BERT models

in prior works (Zhao et al., 2019a; Wu et al., 2020; Zhang et al., 2018; Zhao et al., 2018).

4.3 Methods

In this section, we provide background for the methods used in this study, including Long Short-

Term Memory (LSTM) networks, Bidirectional LSTM (Bi-LSTM) networks, Bidirectional En-

coder Representations from Transformers (BERT) networks, and Capsule Networks (CapsNets).

4.3.1 LSTM networks

Being able to process sequential data of arbitrary length, vanilla Recurrent Neural Networks

(RNNs) have been extensively utilized in the filed of text classification (Zhao et al., 2019b). An

RNN makes use of information from both previous and current words in order to learn sequential

patterns (Minaee et al., 2021). LSTMs (Hochreiter and Schmidhuber, 1997) are RNN variants,

which have the ability to learn long-term dependencies and have led to improved results in text

classification (Liu and Guo, 2019). LSTMs use memory blocks to overcome the vanishing or

exploding gradient problems faced by vanilla RNNs. More specifically, an LSTM unit includes a
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memory cell and a forget gate, together with input and output gates. The memory cell collects and

remembers information, while the forget gate decides when and how much of the old informa-

tion to forget. The input and output gates are in charge of controlling the amount of information

that goes into and out of the cell, respectively (Hochreiter and Schmidhuber, 1997; Liu and Guo,

2019).

4.3.2 Bidirectional LSTM (Bi-LSTM)

Processing data only in one direction (utilizing only the past information and not being able to

access the future one), standard LSTM models might suffer from the drawback of misinterpreting

the context or not fully understanding it (Liu and Guo, 2019). On the contrary, Bi-LSTM (Graves

and Schmidhuber, 2005), an LSTM variant, can process information in a bidirectional way, ac-

cessing and analysing both past and future words simultaneously and combining them for current

output prediction (Lu et al., 2020). In fact, a Bi-LSTM model uses two hidden LSTM layers in

its architecture, one forward and one backward, then combines the outputs of those two layers to

capture both the forward and backward data streams in a sequence (Liu and Guo, 2019).

4.3.3 Bidirectional encoder representations from transformers (BERT)

The Transformer model, which makes use of self-attention (Vaswani et al., 2017), has achieved

outstanding performance in many NLP applications (Acheampong et al., 2021). Thanks to the

attention mechanism, transformers can process the words in a sequence simultaneously, lead-

ing to a more computationally efficient implementation which makes it possible to train models

on very large corpora (Vaswani et al., 2017). With the emergence of the transformer, different

transformer-based models, including BERT, have been developed for text encoding and classi-

fication tasks. BERT (Devlin et al., 2018) is based on a multilayered bidirectional transformer

encoder, as opposed to prior contextual word embedding models which are mainly unidirectional

(e.g., Elmo) (Kaliyar, 2020). The bidirectional feature allows BERT models to achieve state-of-
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the-art performances on different NLP-based tasks (Kaliyar, 2020).

Devlin et al. (2018) provides two BERT structures including BERT-Base and BERT-Large.

The former has 12 layers (i.e., transformer blocks) with 12 self-attention heads, hidden layer size

of 768 and total parameters of 110 millions, while the latter has 24 layers (i.e., transformer blocks)

with 16 self-attention heads, hidden layer size of 1024 and total parameters of 340 millions.

There are different variants of BERT such as RoBERTa (Robustly Optimized BERT pre-

training Approach) proposed by Liu et al. (2019), and DistilBERT proposed by Sanh et al. (2019),

which have been previously used for disaster tweet classification, in addition to BERT. As men-

tioned before, Ma (2019) showed that these three models have similar performance in terms of

informativeness and humanitarian category classification tasks. Therefore, we chose BERT as one

of our baselines.

4.3.4 Capsule networks

CapsNets were first introduced in the field of image classification (Sabour et al., 2017) to ad-

dress CNNs limitations, mainly their loss of information due to using subsampling/pooling layers,

leading to translational invariance where neurons’ activity is invariant to viewpoint translation.

Translational invariance is the cause of the “Picasso problem” - CNNs trying to identify an im-

age by only detecting its components without considering the spatial relationship between those

components. On the other hand, CapsNets make use of the equivariant property (meaning that neu-

rons’ activity changes as viewpoint changes), and thus, preserve the spatial relationship between

components (Patrick et al., 2022).

A CapsNet contains multiple layers of capsules, i.e., groups of neurons each of which can

capture a different property in an object (such as its position, size, etc.). This enables a capsule

to have inputs and outputs in the form of a vector (whose length determines the likelihood of an

object) or a matrix (together with an activation probability). However, a single neuron in a neural

network can only have scalar values as inputs and outputs (Sabour et al., 2017; Hinton et al.,

2018).
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A routing-by-agreement algorithm is used to determine the part-whole relationships between

lower-layer capsules (parts) and higher-layer capsules (wholes). According to this algorithm, if

several predictions made by active lower-layer capsules (through transformation matrices) agree,

a higher-layer capsule becomes active (Sabour et al., 2017). For the first time, Zhao et al. (2018)

demonstrated the effectiveness of CapsNets for text classification. For the purpose of stabilizing

the dynamic routing process and mitigating the noise caused by capsules not being effectively

trained or by capsule with “background” information of the input sequence (e.g., stop words and

unrelated words with respect to specific categories), they proposed three strategies to enhance the

performance of dynamic routing algorithm. The first strategy was to include an extra “Orphan”

category to CapsNet with the purpose of capturing the “background” knowledge. This extra cat-

egory causes CapsNet to more efficiently learn the part-whole relationship. The second strategy

was to use Leaky-softmax instead of standard softmax for calculating connection strength be-

tween the part-whole capsules. The third strategy was to use lower-layer capsule’s probability of

existence for iteratively updating the connection strength.

However, more recently, Kim et al. (2020) proposed a static routing for text classification tasks

and showed its superiority over dynamic routing. Therefore, in this study, we also use the CapsNet

architecture with static routing as proposed by Kim et al. (2020) and compare it with the CapsNet

model which uses dynamic routing. Moreover, the architecture in (Kim et al., 2020) has an added

ELU-gate. Compared to the original CapsNet structure, the benefit of which is the distribution

of relevant information through the words and tokens in a given input sequence, this gate decides

whether to activate a feature or not. The advantage of the ELU-gate unit over pooling is that it

would preserve spatial information.

4.4 Implementation details

In this section, the datasets used in the experiments, along with the experimental setup, and evalu-

ation metrics are presented. The purpose of the conducted experiments is to answer the following
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research questions which motivated this study:

• How do the CapsNet models compare to state-of-the-art BERT models and to the popular

LSTM/Bi-LSTM models when used for classifying crisis-related tweets in terms of infor-

mativeness (binary classification) and humanitarian category (multi-class classification)?

• How do the two routing algorithms used in CapsNets compare to each other when classify-

ing crisis-related tweets in terms of informativeness and humanitarian category?

4.4.1 Datasets

The datasets used in this study include CrisisLex, CrisisNLP, and CrisisBench, the statistics of

which can be found in Tables 4.1, 4.2, and 4.3, respectively. All three datasets have annotations

for both informativeness and humanitarian category tasks. For all three datasets, the informative-

ness task includes two classes of Informative and Not-informative; however, for the humanitarian

category task, there are 6, 10 and 11 classes in CrisisLex, CrisisNLP and CrisisBench datasets,

respectively, as shown in the corresponding tables. A brief description of each dataset is given

below.

• CrisisLex is a combination of two datasets, specifically, CrisisLexT26 and CrisisLexT6 (Olteanu

et al., 2014). The CrisisLexT26 dataset consists of tweets from 26 disasters which happened

during 2012 and 2013, while the CrisisLexT6 dataset consists of tweets from 6 disasters

which happened between October 2012 and July 2013 (Alam et al., 2020b).

• The CrisisNLP dataset includes tweets from 19 disasters that occurred between years 2013

and 2015 (Imran et al., 2016a).

• CrisisBench is a benchmark dataset constructed by Alam et al. (2020b). This dataset is a

consolidation of eight prior datasets, specifically, CrisisLex, CrisisNLP, SWDM2013, IS-

CRAM2013, Disaster Response Data (DRD), Disasters on Social Media (DSM), Crisis-

MMD, and AIDR.
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Informativeness Train Dev Test Total
Informative 25955 3727 7447 37129
Not informative 18862 2769 5384 27015
Total 44817 6496 12831 64144
Humanitarian Train Dev Test Total
Affected individual 2125 317 601 3043
Caution and advice 912 143 247 1302
Donation and volunteering 1031 158 293 1482
Infrastructure and utilities damage 752 79 216 1047
Not humanitarian 18844 2748 5423 27015
Sympathy and support 1800 283 532 2615
Total 25464 3728 7312 36504

Table 4.1: Statistics for CrisisLex dataset

Informativeness Train Dev Test Total
Informative 14865 2182 4087 21134
Not informative 11298 1645 3119 16062
Total 26163 3827 7206 37196
Humanitarian Train Dev Test Total
Caution and advice 706 99 198 1003
Displaced and evacuations 322 51 88 461
Donation and volunteering 1647 265 470 2382
Infrastructure and utilities damage 1128 163 300 1591
Injured or dead people 1235 165 362 1762
Missing and found people 278 44 80 402
Not humanitarian 11227 1686 3150 16063
Requests or needs 103 19 29 151
Response efforts 780 113 221 1114
Sympathy and support 1624 237 455 2316
Total 19050 2842 5353 27245

Table 4.2: Statistics for CrisisNLP dataset

4.4.2 Performance metrics

In the experiments, we compare the CapsNet models (both with static and dynamic routing algo-

rithms, shown by CapsNet-s and CapsNet-d, respectively) with BERT models and also with LSTM
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Informativeness Train Dev Test Total
Informative 65826 9594 18626 94046
Not informative 43970 6414 12469 62853
Total 109796 16008 31095 156899
Humanitarian Train Dev Test Total
Affected individual 2454 367 693 3514
Caution and advice 2101 309 583 2993
Displaced and evacuations 359 53 99 511
Donation and volunteering 5184 763 1453 7400
Infrastructure and utilities damage 3541 511 1004 5056
Injured or dead people 1945 271 561 2777
Missing and found people 373 55 103 531
Not humanitarian 36109 5270 10256 51635
Requests or needs 4840 705 1372 6917
Response efforts 780 113 221 1114
Sympathy and support 3549 540 1020 5109
Total 61235 8957 17365 87557

Table 4.3: Statistics for CrisisBench dataset

and Bi-LSTM models on both binary (tweet informativeness) and multi-class (tweet humanitarian

category) classification tasks. For both types of tasks, the comparison is performed using sev-

eral standard evaluation metrics, specifically, Precision, Recall and F1 scores for each class and

Weighted Precision, Weighted Recall and Weighted F1 scores for the overall performance of each

model.

4.4.3 Experimental setup

Since train/test/dev subsets are provided for the three datasets used in the study, the experiments

were conducted three times using three different seeds and the average of the three runs was

reported in the tables.

The hyperparameters employed in the experiments were obtained through fine-tuning on the

respective development (dev) datasets. Specifically, for the LSTM and Bi-LSTM experiments, the

following hyperparameters were utilized: hidden size of 256, maximum sequence length of 60,
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learning rate of 5e-4, drop ratio of 0.1, weight decay of 0 (i.e., no L2 regularization), a batch size

of 40, maximum number of epochs of 10.

For the BERT experiments, BERT base uncased model, which has 12 layers (i.e., Transformer

blocks), 12 self-attention heads, and with a hidden size of 768, was used. The hyperparameters

used in these experiments are: maximum sequence length of 60, learning rate of 2e-5, drop ratio

of 0, weight decay of 0, a batch size of 40, maximum number of epochs of 10.

The hyperparameters used in the CapsNet with static routing experiments are: maximum se-

quence length of 60, learning rate of 5e-5, drop ratio of 0.6, weight decay of 0, a batch size of

40, maximum number of epochs of 50. The hyperparameters used in the CapsNet with dynamic

routing experiments are: Maximum sequence length of 60, learning rate of 4e-5, drop ratio of 0.6,

weight decay of 1e-5, a batch size of 40, maximum number of epochs of 50.

Adam optimizer was used for all the experiments. Furthermore, for all experiments, the num-

ber of epochs resulting in the best accuracy on the development set was used for evaluating per-

formance on the test set.

4.5 Experimental results and discussions

The experimental results of crisis tweet classification for informativeness category task of all three

datasets are presented in Table 4.4 and for humanitarian category task of CrisisLex, CrisisNLP,

and CrisisBench are presented in Tables 4.5, 4.6, and 4.7, respectively. The tables depict the

performance of the models for each class (namely, Precision, Recall, and F1-score) in the datasets,

along with the overall performance of the models in the “Overall” row, which shows the Weighted

Precision, Weighted Recall, and Weighted F1-score across all classes of each dataset. We discuss

the answers to our questions using these results in the following paragraphs.

Our first research question was to compare CapsNet models to state-of-the-art BERT models

and also to LSTM/Bi-LSTM models trained to classify crisis-related tweets in terms of informa-

tiveness (binary classification) and humanitarian category (multi-class classification) using three
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Dataset Classes Metrics Models
LSTM Bi-LSTM Bert CapsNet s CapsNet d

CrisisLex Informative Precision 94.308 94.746 94.255 94.469 94.334
Recall 96.258 95.815 96.567 95.108 95.609
F1-score 95.273 95.275 95.393 94.785 94.967

Not-informative Precision 94.671 94.127 95.101 93.175 93.812
Recall 91.961 92.642 91.846 92.292 92.057
F1-score 93.296 93.374 93.436 92.728 92.926

Overall Precision 94.460 94.486 94.610 93.926 94.115
Recall 94.455 94.484 94.586 93.926 94.119
F1-score 94.443 94.477 94.571 93.922 94.110

CrisisNLP Informative Precision 84.249 85.099 88.877 84.075 84.270
Recall 87.342 86.747 85.825 85.735 86.184
F1-score 85.764 85.879 87.297 84.888 85.202

Not-informative Precision 82.586 82.256 82.279 80.823 81.372
Recall 78.593 79.994 85.861 78.690 78.882
F1-score 80.533 81.042 83.993 79.725 80.083

Overall Precision 83.530 83.868 86.022 82.667 83.015
Recall 83.556 83.824 85.840 82.686 83.023
F1-score 83.500 83.786 85.867 82.654 82.986

CrisisBench Informative Precision 88.919 88.036 89.452 87.916 86.830
Recall 89.777 90.543 90.708 89.622 91.168
F1-score 89.336 89.270 90.057 88.755 88.944

Not-informative Precision 84.526 85.244 85.872 84.041 85.740
Recall 83.243 81.601 83.956 81.572 79.321
F1-score 83.857 83.377 84.862 82.776 82.399

Overall Precision 87.158 86.917 88.016 86.362 86.393
Recall 87.158 86.959 88.002 86.395 86.419
F1-score 87.140 86.908 87.975 86.358 86.320

Table 4.4: Experiment results for tweet informativeness task for all three datasets, for each class
and the overall weighted metrics, with the best value of each metric displayed in bold within each
row

datasets, specifically CrisisLex, CrisisNLP, and CrisisBench. For each task, we initially analyze

the overall performance of the models and then examine the results for each class in the dataset.

As can be seen in Tables 4.4, 4.5, 4.6, and 4.7 for both tasks, BERT models are the best models

in terms of all the evaluation metrics considered, when compared to LSTM, Bi-LSTM, CapsNet-s

and Capsnet-d models.

For the tweet informativeness task, the F1-scores of BERT models are 94.571, 85.867, and

87.975 for CrisisLex, CrisisNLP, and CrisisBench datasets, respectively. These scores are higher

than those of the other four models for the corresponding datasets. For this classification task and

for the two datasets of CrisisLex, CrisisNLP, the order of other models, from best to worst, is

81



Classes Metrics Models
LSTM Bi-LSTM Bert CapsNet s CapsNet d

Affected individual Precision 85.366 83.053 85.221 82.065 83.216
Recall 78.591 81.697 86.023 83.250 82.917
F1-score 81.727 82.358 85.603 82.632 83.041

Caution and advice Precision 64.732 66.500 72.484 67.972 66.109
Recall 64.777 59.784 71.660 64.642 66.801
F1-score 64.639 62.956 72.042 66.257 66.388

Donation and volunteering Precision 76.334 76.660 81.233 78.492 77.573
Recall 79.181 76.678 77.702 75.313 76.451
F1-score 77.650 76.624 79.408 76.832 76.987

Infrastructure and utilities damage Precision 55.944 56.238 66.348 61.407 65.504
Recall 67.747 62.037 58.642 46.450 43.364
F1-score 61.112 58.378 62.140 52.864 52.158

Not humanitarian Precision 97.910 97.308 97.543 96.555 96.239
Recall 97.554 97.855 97.861 97.984 98.359
F1-score 97.731 97.577 97.702 97.264 97.286

Sympathy and support Precision 79.863 81.578 82.079 79.516 81.764
Recall 80.827 77.882 84.586 77.506 75.000
F1-score 80.330 79.581 83.276 78.464 78.232

Overall Precision 92.341 91.911 92.984 91.500 91.442
Recall 92.054 91.881 93.071 91.808 91.822
F1-score 92.145 91.850 93.008 91.609 91.539

Table 4.5: Experiment results for tweet humanitarian task for the CrisisLex datasets, for each class
and the overall weighted metrics, with the best value of each metric displayed in bold within each
row

Bi-LSTM, LSTM, CapsNet-d and CapsNet-s (with F1-scores of 94.477, 94.443, 94.110, 93.922,

respectively, for CrisisLex dataset and 83.786, 83.500, 82.986, 82.654, respectively, for CrisisNLP

dataset). For the CrisisBench dataset, the order is LSTM, Bi-LSTM, CapsNet-s and CapsNet-d

(with F1-scores of 87.140, 86.908, 86.358, and 86.320, respectively). As for the performance on

the classes of this task, we observe a similar behavior, with BERT model still having the highest

F1-score for both classes and for all three datasets (with F1-score of 95.393, 87.297, and 90.057 for

Informative class and 93.436, 83.993, 84.862 for Not-informative class for CrisisLex, CrisisNLP,

and CrisisBench datasets, respectively). LSTM and BiLSTM models typically rank in the second

or third positions (with comparable F1-scores), while CapsNet-s and CapsNet-d usually occupy

the third or fourth positions (with similarly close F1-scores).

For the crisis tweet humanitarian category, the F1-scores of the BERT models are 93.008,

81.300, and 86.708 for CrisisLex, CrisisNLP, and CrisisBench datasets, respectively. As for the
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Classes Metrics Models
LSTM Bi-LSTM Bert CapsNet s CapsNet d

Caution and advice Precision 74.861 69.971 77.631 66.060 70.450
Recall 52.188 62.626 57.407 56.061 50.673
F1-score 61.410 65.862 65.869 60.364 58.713

Displaced and evacuations Precision 52.648 55.889 64.369 61.226 33.492
Recall 40.530 41.288 59.470 29.925 18.939
F1-score 45.375 46.983 61.188 39.650 24.019

Donation and volunteering Precision 73.526 61.887 78.905 64.779 62.500
Recall 65.816 77.873 73.688 70.142 71.986
F1-score 69.205 68.824 76.007 67.285 66.708

Infrastructure and utilities damage Precision 69.048 75.072 76.910 76.248 63.742
Recall 65.222 62.667 67.000 61.667 68.222
F1-score 67.029 67.970 71.473 67.924 65.743

Injured or dead people Precision 82.086 83.200 86.100 82.294 82.242
Recall 88.030 86.464 88.674 80.019 79.374
F1-score 84.944 84.785 87.328 81.093 80.662

Missing and found people Precision 44.868 44.762 55.407 54.939 54.550
Recall 39.583 39.583 42.083 33.750 21.250
F1-score 41.956 41.949 47.798 41.606 28.776

Not humanitarian Precision 83.013 84.561 85.820 81.686 81.529
Recall 92.688 91.566 94.656 92.857 92.222
F1-score 87.575 87.923 90.005 86.912 86.526

Requests or needs Precision 13.333 2.564 45.707 0.000 0.000
Recall 2.299 1.149 13.793 0.000 0.000
F1-score 3.922 1.587 20.880 0.000 0.000

Response efforts Precision 38.067 40.133 49.081 42.209 32.486
Recall 17.949 17.496 37.255 8.145 6.033
F1-score 23.549 23.719 41.376 12.472 9.932

Sympathy and support Precision 68.210 74.843 81.522 63.531 65.120
Recall 52.349 48.164 58.462 49.084 47.692
F1-score 59.196 58.085 67.925 55.273 54.961

Overall Precision 76.474 77.237 81.523 75.272 73.446
Recall 78.326 78.494 82.234 77.544 76.586
F1-score 76.784 77.089 81.300 75.302 73.991

Table 4.6: Experiment results for tweet humanitarian task for the CrisisNLP datasets, for each
class and the overall weighted metrics, with the best value of each metric displayed in bold within
each row

crisis tweet informativeness tasks, these scores are higher than those of the other four models for

the corresponding datasets. For this classification task and for the dataset of CrisisLex, the or-

der of other models, is LSTM, Bi-LSTM, CapsNet-s and CapsNet-d (with F1-scores of 92.145,

91.850, 91.609, and 91.539, respectively), while for the other two datasets, the order is Bi-LSTM,

LSTM, CapsNet-s and CapsNet-d (with F1-scores of 77.089, 76.784, 75.302, 73.991, respectively,
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Classes Metrics Models
LSTM Bi-LSTM Bert CapsNet s CapsNet d

Affected individual Precision 78.190 75.118 80.910 81.212 77.536
Recall 74.422 76.975 78.372 66.281 68.160
F1-score 76.105 75.838 79.587 72.931 72.509

Caution and advice Precision 67.865 62.683 70.034 66.864 64.088
Recall 59.023 66.724 70.783 57.126 59.713
F1-score 63.041 64.445 70.349 61.605 61.702

Displaced and evacuations Precision 52.226 50.211 64.992 29.580 41.667
Recall 35.690 38.384 55.892 7.744 2.020
F1-score 42.206 42.958 59.485 12.272 3.639

Donation and volunteering Precision 73.573 76.623 76.708 70.138 68.442
Recall 77.135 74.885 82.048 78.007 79.270
F1-score 75.308 75.637 79.254 73.860 73.456

Infrastructure and utilities damage Precision 73.320 66.841 73.555 65.263 68.253
Recall 58.634 65.930 67.864 63.554 60.576
F1-score 64.944 66.240 70.518 64.367 64.125

Injured or dead people Precision 82.823 82.616 82.860 78.888 76.657
Recall 78.295 80.083 84.551 74.120 76.923
F1-score 80.450 81.323 83.572 76.420 76.731

Missing and found people Precision 54.618 47.643 63.193 39.958 70.000
Recall 29.126 38.511 39.482 9.385 1.618
F1-score 36.850 42.509 48.595 14.259 3.128

Not humanitarian Precision 88.379 90.170 91.615 87.765 88.190
Recall 94.804 93.639 94.535 94.258 94.081
F1-score 91.476 91.865 93.051 90.892 91.029

Requests or needs Precision 89.681 90.957 94.112 87.298 89.368
Recall 85.359 85.017 90.414 82.748 81.552
F1-score 87.269 87.833 92.220 84.868 85.274

Response efforts Precision 35.116 36.993 48.832 13.889 0.000
Recall 18.703 16.139 30.317 0.754 0.000
F1-score 23.226 21.325 37.374 1.431 0.000

Sympathy and support Precision 80.494 75.628 82.361 75.047 73.356
Recall 60.713 64.475 69.085 59.739 62.091
F1-score 69.171 69.268 75.140 66.307 67.199

Overall Precision 83.536 83.956 86.679 81.381 81.483
Recall 84.217 84.413 87.000 82.953 82.992
F1-score 83.528 83.988 86.708 81.778 81.757

Table 4.7: Experiment results for tweet humanitarian task for the CrisisNLP datasets, for each
class and the overall weighted metrics, with the best value of each metric displayed in bold within
each row

for CrisisNLP dataset and 83.988, 83.528, 81.778, 81.757, respectively, for CrisisBench dataset).

BERT outperforms other models in terms of F1-scores on all classes in CrisisNLP and Crisis-

Bench datasets. In CrisisLex, LSTM leads only in the “Not humanitarian” class with an F1-score

of 97.731, while BERT is close behind with a score of 97.702. For the rest of the classes in
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Figure 4.1: BERT’s CM for humanitarian task on CrisisLex

CrisisLex, BERT still outperforms other models. BERT’s classifications of instances in differ-

ent classes can be better understood through the confusion matrices (CM) in Figures 4.1, 4.2,

and 4.3 for the three datasets. As can be seen in these Figures, for the CrisisLex dataset, the model

seems to have difficulties in correctly identifying instances that relate to “Infrastructure and util-

ities damage”, with the accuracy of 0.59. For CrisisNLP, most of the instances of “Requests or

needs” and “Response efforts” classes (with the lowest accuracy of 0.14 and 0.37, respectively)

have been mis-classified as “Not humanitarian”. Similarly, in CrisisBench, most of the instances

of “Response efforts” class (with the lowest accuracy of 0.30) have been mis-classified as “Not

humanitarian”. Based on these results, we can conclude that BERT is the best model for classi-

fying crisis-related tweet datasets, while CapsNet models (with both static and dynamic routing)
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Figure 4.2: BERT’s CM for humanitarian task on CrisisNLP

have the worst performance. Therefore, the properties of CapsNet do not seem to benefit much

the task of classifying crisis-related tweet datasets.

Our second research question was to compare two routing algorithms used in CapsNet mod-

els, mainly static and dynamic routings, for classifying crisis-related tweets in terms of infor-

mativeness and humanitarian category using the three datasets considered in our study. For the

crisis tweet informativeness task and for two datasets (CrisisLex, CrisisNLP), the performance of

CapsNet-d is better than that of CapsNet-s (with F1-scores of 94.110, 93.922, respectively, for the

CrisisLex dataset, and 82.986, and 82.654, respectively, for the CrisisNLP dataset). For the Cri-

sisBench dataset, the F1-score of CapsNet-s (86.358) is higher than that of CapsNet-d (86.320).

However, for the tweet humanitarian category task, for all three datasets, CapsNet-s outperforms
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Figure 4.3: BERT’s CM for humanitarian task on CrisisBench

CapsNet-d, with F1-scores of 91.609 versus 91.539, respectively, for CrisisLex, 75.302 versus

73.991, respectively, for CrisisNLP dataset, and 81.778 versus 81.757, respectively, for the Crisis-

Bench dataset. However, in all cases, the F1-scores of the two routing algorithms are pretty close

to each other. Based on the results, we can conclude that when classifying crisis-related tweets

both in terms of informativeness (binary classification) and humanitarian category (multi-class

classification), both static routing and dynamic routing algorithms have similar performance

Overall, based on the obtained results, BERT emerges as a stronger candidate compared to

CapsNet for disaster tweet classifications. The superior performance of BERT can be attributed

to several key factors. Firstly, BERT’s pre-training on extensive data enables it to acquire a deep

understanding of complex patterns and contextual information. Additionally, its utilization of
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the attention mechanisms and transformer architecture empowers BERT to capture long-range

dependencies in language, resulting in a better comprehension and generation of natural language.

While CapsNet shows promise in specific image-related tasks, thanks to its equivariant property

that preserves spatial relationships between components, it has not attained the same level of

success as BERT in the field of natural language processing.

4.6 Conclusions and future work

In this study, we compared CapsNets (with static and dynamic routing algorithms) with BERT

models, as well as LSTM/Bi-LSTM on crisis-related tweet classification tasks, specifically tweet

informativeness (binary classification), and tweet humanitarian category (multi-class classifica-

tion), using three datasets, specifically, CrisisLex, CrisisNLP, and CrisisBench. The results show

that the BERT models have the best performance for classifying crisis-related data, while Cap-

sNet models (with both static and dynamic routing) have the worst performance. Also, for both

Informativeness task and Humanitarian task, both static routing and dynamic routing would result

in a similar performance.

For future work, based on the superior performance of the BERT model over the CapsNet

model, our intention is to explore the potential of more recent transformer-based models for disas-

ter tweet classification. Additionally, we aim to investigate the effectiveness of transformer-based

architectures in disaster image classification. Furthermore, we plan to apply these models to a

dataset that contains both textual and visual modalities, with the objective of developing a multi-

modal model based on transformer-based architectures for classifying disaster-related posts, since

sometimes the information conveyed in a text and its corresponding image can be complementary,

and leveraging both modalities simultaneously may lead to enhanced performance.
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Chapter 5

Exploring the potential of large language

models for disaster tweet classification in

zero-shot and few-shot settings

5.1 Introduction

The aftermath of a disaster is a critical time phase where obtaining timely and accurate informa-

tion is paramount for effective response and recovery efforts. Rapid assessment of the situation,

including identifying informative tweets and their categories, plays a vital role in directing re-

sources and prioritizing rescue operations (Alam et al., 2020a). This is particularly important

because Twitter frequently serves as a central platform for real-time updates, eyewitness accounts,

and requests for assistance during such disaster events (King, 2018). However, traditional tweet

classification techniques often struggle in these scenarios due to the limited availability of labeled

training data specific to disaster situations right after the disaster. Gathering large, labeled datasets

for disaster image classification presents a significant challenge, as obtaining high-quality labeled

data often requires manual annotation by experts, a time-consuming and resource-intensive pro-

cess. This holds especially true in the immediate aftermath of a disaster, when rapid response is
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essential. The limited availability of labeled training data significantly hinders the performance of

traditional machine learning models, which rely heavily on large datasets for effective training.

One approach to address this challenge involves utilizing domain adaptation techniques (Li

et al., 2018, 2019, 2015; Imran et al., 2016b). These methods aim to improve model performance

on a new disaster data (target domain) that differs from the training data (source domain) in terms

of disaster type, location, and time. However, with the rise of Large Language Models (LLMs),

there is a new way of dealing with this situation. Large Language Models have emerged as power-

ful tools in various artificial intelligence applications, particularly those characterized by limited

training data. These models are trained on massive amounts of text data (Touvron et al., 2023a),

enabling them to learn complex relationships between words and concepts. This extensive pre-

training allows LLMs to generalize to new tasks with minimal fine-tuning, a characteristic that

makes them well-suited for disaster tweet classification.

In fact, the swift progress of Large Language Models (LLMs) in recent years, has revolu-

tionized natural language processing. These models exhibit impressive capabilities across various

tasks, mainly due to their exceptional zero-shot and few-shot generalization. For example, Chat-

GPT, based on GPT-3.5 and GPT-4, has demonstrated robust dialogue skills (Xie et al., 2023).

Models like GPT-3, GPT-4, and Meta’s Llama 2 (Touvron et al., 2023a) are particularly adept at

handling tasks with little to no training data, marking a significant advancement over traditional

machine learning models that require extensive datasets for effective training. This remarkable

generalization ability is especially valuable in scenarios such as disaster response, where obtain-

ing labeled training data quickly is often difficult. Thus, these models excel in situations with

limited labeled data, as is frequently the case immediately after a disaster. By leveraging their ex-

tensive pretraining, LLMs can adapt to new tasks rapidly and effectively, making them an essential

tool for quick response efforts.

In this chapter, we utilize Llama 2 and ChatGPT as two Large Language Models (LLMs) in

zero-shot, one-shot, and (for Llama 2) five-shot learning settings. Our focus is on tasks related to

informativeness and humanitarian content, using the same three datasets as in the previous chapter.
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Specifically, we aim to compare the performance of these LLMs against fine-tuned models from

the previous chapter. As fine-tuned models, we employ BERT (which showed the best overall

results in the previous chapter), CapsNet with static routing (given that both static and dynamic

routing yielded comparable results previously), and Bi-LSTM (which performed slightly better

than the standard LSTM). We do not present the numeric results for the fine-tuned models in this

chapter since they were detailed in the previous chapter. Instead, we present the numeric results of

the LLMs in tables, along with graphs showing the F1-scores of both LLMs and the three selected

fine-tuned models from the previous chapter for convenient comparison.

The contributions of this chapter are as follows:

• We utilized ChatGPT and Llama 2 in zero-shot and few-shot learning settings.

• We conducted experiments with Llama 2 in zero-shot, one-shot, and five-shot settings, and

with ChatGPT in zero-shot and one-shot settings for both tasks.

• We compared the results of these models with three selected fine-tuned models from the

previous chapter, namely BERT (the best performer), CapsNet with static routing, and Bi-

LSTM, by including their F1 score comparisons.

These contributions highlight the potential of LLMs in scenarios with limited labeled data, which

is often the case immediately following a disaster, providing a valuable tool for rapid response

efforts. Our extended comparison reveals that the fine-tuned BERT model remains the best model

for the tasks considered. However, ChatGPT and Llama 2 (esp. ChatGPT) exhibit very promising

results in low-resource settings typical of practical scenarios in the crisis domain. ChatGPT, de-

livered good performance even with only one-shot learning, outperforming Llama 2 in zero-shot,

one-shot, and five-shot settings in most cases, and showing almost close results to the CapsNet

model. This makes ChatGPT a strong candidate when limited labeled data is available for an

emerging crisis event and real-time data filtering is needed.

The rest of the chapter is structured as follows. Section 5.2 describes the background and

approaches used, specifically, LLMs, ChatGPT and Llama 2. Sections 5.3 describes the Re-

91



lated works. Sections 5.4 and 5.5 describe the implementation details (i.e., performance met-

rics, dataset, and experimental setup) and the result analysis, respectively. Finally, Section 5.7

concludes the Chapter.

5.2 Background and approaches

5.2.1 Large language models (LLMs)

Large Language Models (LLMs) represent a promising frontier as proficient AI assistants and have

been shown to be capable of executing intricate reasoning tasks across diverse domains (Nguyen

et al., 2023). Their swift and extensive adoption among the general public stems from their ability

to facilitate human interaction through user-friendly chat interfaces (Nguyen et al., 2023).

These state-of-the-art LLMs rely on the Transformer architecture and have been extensively pre-

trained on a large corpus of diverse text datasets, including papers, books, code, and websites (Zhu

et al., 2023). As LLMs scale up in terms of model size and the volume of data they are pre-

trained on, they have achieved impressive capabilities. These include language understanding and

generation, producing human-like responses, and handling complex tasks such as generalization

and reasoning, with the ability to be applied to new tasks with minimal task-specific instructions.

Additionally, in-context learning has enhanced their generalization performance without the need

for extensive fine-tuning (Zhu et al., 2023).

5.2.2 ChatGPT

GPT-3 is an autoregressive language model which has 175 billion parameters (Brown et al., 2020);

the study conducted by Brown et al. (2020) demonstrated that scaling up language models can

lead to similar or superior performance compared to previously leading fine-tuned models. For

example, they highlighted that for NLP tasks, GPT-3 performs well in zero-shot and one-shot

settings and occasionally surpasses state-of-the-art fine-tuned models in few-shot scenarios. In
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the experiments, we used GPT-3.5 (gpt-3.5-turbo).

5.2.3 Llama 2

Meta GenAI recently introduced Llama 2, an evolved iteration of Llama 1 (Touvron et al., 2023a).

This open-source Llama 2 variant, just pretrained and also fine-tuned, has undergone extensive

evaluation and has been shown to be competitive with cutting-edge closed-source LLMs. The

released Llama 2 family comprises pretrained and fine-tuned models, offered in three variants

with 7B, 13B, and 70B parameters. Llama 2, functioning as an auto-regressive language model,

incorporates an optimized transformer architecture. The tuned versions undergo supervised fine-

tuning (SFT) and reinforcement learning with human feedback (RLHF) to align with human pref-

erences for helpfulness (Touvron et al., 2023b). These models are characterized by their extensive

pretraining and expansive parameter size, yielding exceptional generalization capacities. This en-

ables them to excel even in tasks for which they were not explicitly trained, showcasing the unique

strengths of Llama 2 in zero- and few-shot learning scenarios.

In disaster scenarios, where there are limited instances available in the initial stages, em-

ploying LLMs allow us to assess their performance in zero-shot, one-shot, and few-shot settings.

Therefore, in this study, the focus is on evaluating two widely used LLMs, namely ChatGPT(gpt-

3.5-turbo) and Llama 2 for both informativeness and humanitarian tasks of three datasets of Cri-

sisBench, CrisisNLP, and CrisisLex.

5.3 Related works

Large language models (LLMs) applications: Large language models (LLMs) have recently

made a big impact in many research areas, such as natural language processing (NLP) (Brown

et al., 2020; Touvron et al., 2023a; Zhu et al., 2023; Radford et al., 2019; Min et al., 2023). For

example, they are used in Information Retrieval (Ai et al., 2023). Dong et al. (2019) introduces a

novel UNIfied pre-trained Language Model (UNILM) capable of being fine-tuned for both natural
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language understanding and generation tasks. LLMs are also being utilized in biomedicine and

health (Tian et al., 2024; Rahman et al., 2024) for tasks such as biomedical information retrieval,

question answering, medical text summarization, information extraction, and medical education.

Moreover, they are employed in recommendation systems (Hou et al., 2024; Zhao et al., 2024;

Zhu et al., 2024), finance (Wu et al., 2023; Xie et al., 2024; Ahmed et al., 2024), and even in

molecule prediction tasks (Zhong et al., 2024) and discovering new molecules (Li et al., 2024).

LLMs in disaster response: In disaster response, LLMs have been used, as well. For ex-

ample, geo-knowledge-guided GPT models, such as ChatGPT and GPT-4, have shown large im-

provement in extracting complex location descriptions from disaster-related social media mes-

sages, which can help responders reach victims more quickly (Hu et al., 2023). Additionally,

creating plans of action for disaster response is often a lengthy process. LLMs provide an ef-

ficient solution to speed this up using in-context learning. DisasterResponseGPT, an algorithm

that utilizes LLMs, can swiftly generate valid plans of action by integrating disaster response and

planning guidelines into the initial prompt. It produces multiple plans within seconds that can be

refined based on user feedback, potentially transforming disaster response operations by allowing

for rapid updates and adjustments during execution (Goecks and Waytowich, 2023). Another ex-

ample is FloodBrain, a tool that uses LLMs to generate accurate flood disaster impact reports by

extracting and curating information from the web, addressing the issue of LLMs generating in-

accurate information by incorporating a sophisticated information assimilation pipeline (Colverd

et al., 2023). Morevover, Ziaullah et al. (2024) used LLMs like Llama-2 13B for data generation

and Mistral 7B v1.0 for classification, to monitor the operational status of Critical Infrastructure

Facilities (CIFs) such as healthcare and transportation facilities during large-scale disasters, using

social sensing data from Twitter to perform retrieval, classification, and inference tasks, all in a

zero-shot setting. This approach has demonstrated reasonable performance compared to super-

vised models requiring training data (Ziaullah et al., 2024).

Building on these advancements, our experiments specifically utilized the 7B variant of Llama

2 and ChatGPT (GPT 3.5), focusing on their performance in zero- and few-shot learning scenarios.
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The purpose of these experiments was to gain insights into the adaptability and effectiveness of

Llama 2 and ChatGPT with varying degrees of training instance exposure in the context of crisis-

related tweet classification.

5.4 Implementation details

In this section, the evaluation metrics and datasets used in the experiments, along with the experi-

mental setup are presented. The purpose of the conducted experiments is to answer the following

research questions (RQs) which motivated this study:

• (RQ1) How do the zero-shot and few-shot Llama 2 results compare to each other when

classifying crisis-related tweets in terms of informativeness (binary classification) and hu-

manitarian category (multi-class classification)?

• (RQ2) How do the zero- and one-shot ChatGPT results compare to each other for the same

two classification tasks?

• (RQ3) How do the results from the Llama 2 model and ChatGPT compare against each

other for the two tasks?

• (RQ4) How do the fine-tuned CapsNet, Bi-LSTM, and BERT models compare to the Llama

2 model and ChatGPT in zero- and few-shot settings for the two considered tasks?

5.4.1 Performance metrics

In the experiments, we compare ChatGPT (gpt-3.5-turbo) in 0-shot and 1-shot settings with Llama

2 in 0-shot, 1-shot, and 5-shot settings on both binary (tweet informativeness) and multi-class

(tweet humanitarian category) classification tasks. For both types of tasks, the comparison is

performed using several standard evaluation metrics, specifically, Precision, Recall and F1-scores

for each class and Weighted Precision, Weighted Recall and Weighted F1-scores for the overall
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performance of each model, shown as Avg row in the result tables. Moreover, we will compare

the F1-scores of these two LLMs with those of three selected fine-tuned models from the previous

chapter: CapsNet, Bi-LSTM, and BERT.

5.4.2 Datasets

The datasets used in this study are the same as those used in the previous chapter, primarily

CrisisLex, CrisisNLP, and CrisisBench, and their respective statistics can be found in Table 5.1.

All three datasets are annotated for both informativeness and humanitarian category tasks. While

the informativeness task across all datasets involves two classes, namely Informative and Not-

informative, the humanitarian category task differs in the number of classes, with 6, 10, and 11

classes in CrisisLex, CrisisNLP, and CrisisBench datasets, respectively. The names of their classes

together with the name abbreviations used in the chapter are shown in Table 5.2.

Task Class CrisisLex CrisisNLP CrisisBench
Inf. Train Dev Test Total Train Dev Test Total Train Dev Test Total
I 25955 3727 7447 37129 14865 2182 4087 21134 65826 9594 18626 94046
NI 18862 2769 5384 27015 11298 1645 3119 16062 43970 6414 12469 62853
Total 44817 6496 12831 64144 26163 3827 7206 37196 109796 16008 31095 156899

Hum. Train Dev Test Total Train Dev Test Total Train Dev Test Total
AI 2125 317 601 3043 - - - - 2454 367 693 3514
CA 912 143 247 1302 706 99 198 1003 2101 309 583 2993
DE - - - - 322 51 88 461 359 53 99 511
DV 1031 158 293 1482 1647 265 470 2382 5184 763 1453 7400
IUD 752 79 216 1047 1128 163 300 1591 3541 511 1004 5056
IDP - - - - 1235 165 362 1762 1945 271 561 2777
MFP - - - - 278 44 80 402 373 55 103 531
NH 18844 2748 5423 27015 11227 1686 3150 16063 36109 5270 10256 51635
RN - - - - 103 19 29 151 4840 705 1372 6917
RE - - - - 780 113 221 1114 780 113 221 1114
SS 1800 283 532 2615 1624 237 455 2316 3549 540 1020 5109
Total 25464 3728 7312 36504 19050 2842 5353 27245 61235 8957 17365 87557

Table 5.1: Statistics for crisis datasets: The dictionary of classes and the corresponding abbrevia-
tions are presented in Table 5.2.
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Task/class Abbr. Task/class Abbr.
Humanitarian Hum. Informativeness Inf.
Affected individual AI Informative I
Caution and advice CA Not informative NI
Displaced and evacuations DE
Donation and volunteering DV
Infrastructure and utilities damage IUD
Injured or dead people IDP
Missing and found people MFP
Not humanitarian NH
Requests or needs RN
Response efforts RE
Sympathy and support SS

Table 5.2: List of tasks and classes in each task and the corresponding abbreviations (Abbr.)

5.4.3 Experimental setup

The experimental setup for both Llama 2 in 0-shot and few-shot settings and for ChatGPT in

0-shot and 1-shot settings are presented below.

Llama 2 in 0-shot and few-shot settings: In our experiments, we specifically utilized Pre-

trained Llama-2-7B, concentrating on its performance in 0-shot and few-shot learning scenarios,

with a focus on crisis-related tweet classification. In 1-shot, one instance from each class was ran-

domly selected as a labeled example, and for 5 shots, four more examples were randomly selected

and added to that instance. For few shots, three different sets of random examples were selected,

and the results were averaged over these three runs, while for 0-shot, the experiments were run

only once. Generic prompts used for the humanitarian tasks are provided below:

Zero-shot:
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The following tweet is related to a disaster.

What humanitarian class does it belong to?

Reply with only one of these options without writing your reasoning:

{list_all_classes_in_this_task}

{input_tweet}

Few-shots:

You are an expert disaster-related tweet classifier with the ability to
distinguish humanitarian categories of tweets related to disasters.
Your task is to classify the given tweets into one of these
{number_of_classes} humanitarian categories:
{list_all_classes_in_this_task}

Here are a few classification examples:
1) {tweet_example_1}
Category: {its_category}

2) {tweet_example_2}
Category: {its_category}

i) {tweet_example_i}
Category: {its_category}

...
Please classify each tweet into one of {number_of_classes} humanitarian
categories.Provide your answer as only one humanitarian category without
writing your reasoning.

{input_tweet}

ChatGPT in 0-shot and 1-shot settings: For this part of the experiments, we used ChatGPT

(gpt-3.5-turbo) to evaluate its performance in 0-shot and 1-shot settings, specifically for classifying
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crisis-related tweets. In the 1-shot setting, the same randomly selected instance for each class was

used as in the Llama 2 experiment. Similar to the Llama 2 experiments, three different sets of

random examples were used for the 1-shot setting, and the results were averaged over these three

runs. For the 0-shot setting, the experiments were run only once. The generic prompts used were

identical to those used in the Llama 2 experiments.

5.5 Experimental results and discussions

The experimental results of crisis tweet classification for informativeness category task of all three

datasets are presented in Table 5.3 and for humanitarian category task of CrisisLex, CrisisNLP,

and CrisisBench are presented in Tables 5.4, 5.5, and 5.6, respectively. The tables depict the

performance of the models for each class (namely, Precision, Recall, and F1-score) in the datasets,

along with the average performance of the models in the “Avg” row, which shows the Weighted

Precision, Weighted Recall, and Weighted F1-score across all classes of each dataset. Moreover, to

facilitate the comparison between various models (including the three selected fine-tuned models,

BERT, CapsNet, and Bi-LSTM, from the previous chapter), we have created two graphs that

illustrate the F1-scores for different classes and the overall performance averages across all classes

within a given task and dataset. The graph depicting informativeness task across all three datasets

is presented in Figure 5.1, while the one for the humanitarian task is showcased in Figure 5.2. We

discuss the answers to our questions using these results in the following paragraphs.

Our first three questions aim to assess and compare the results of the Llama 2 model and

ChatGPT against each other and in various settings: 0-shot, 1-shot, and 5-shot for Llama 2, and 0-

shot and 1-shot for ChatGPT. The forth question aims to evaluate the results of these two LLMs in

zero- and few-shot settings in comparison with the results from the fine-tuned CapsNet, Bi-LSTM,

and BERT models. This assessment focused on their effectiveness in classifying crisis-related

tweets concerning informativeness (binary classification) and humanitarian category (multi-class

classification) across three datasets: CrisisLex, CrisisNLP, and CrisisBench.
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Dataset Class Metric Models
ChatGPT Llama 2

0-shot 1-shot 0-shot 1-shot 5-shot
CrisisLex I Pr 97.584 94.776 67.684 58.706 60.530

Re 53.769 86.755 97.435 99.324 99.284
F1 69.334 90.585 79.879 73.794 75.198

NI Pr 60.539 83.611 90.922 76.220 89.715
Re 98.158 93.381 35.577 3.177 10.273
F1 74.89 88.221 51.143 6.077 18.062

Avg Pr 82.045 90.091 77.428 66.047 72.772
Re 72.389 89.535 71.497 59.024 61.950
F1 71.664 89.593 67.829 45.411 51.234

CrisisNLP I Pr 73.85 72.076 58.514 58.596 58.928
Re 66.765 87.766 97.895 98.671 98.621
F1 70.129 79.14 73.247 73.511 73.771

NI Pr 61.331 77.644 76.567 83.472 84.524
Re 69.038 55.404 9.015 8.477 9.897
F1 64.957 64.621 16.131 14.854 17.593

Avg Pr 68.43 74.485 66.326 69.362 70.007
Re 67.749 73.762 59.434 59.636 60.217
F1 67.89 72.858 48.531 48.125 49.455

CrisisBench I Pr 87.288 84.673 65.167 60.407 61.447
Re 56.971 83.025 97.213 99.442 99.026
F1 68.943 83.825 78.028 75.158 75.836

NI Pr 57.653 75.407 84.279 75.521 83.314
Re 87.594 77.512 22.334 2.540 7.110
F1 69.538 76.414 35.311 4.913 13.072

Avg Pr 75.411 80.959 72.828 66.464 70.211
Re 69.243 80.815 67.198 60.608 62.186
F1 69.181 80.854 60.905 47.007 50.680

Table 5.3: Experiment results for tweet informativeness task for three datasets of CrisisNLP, Cri-
sisLex, and CrisisBench for each class and the averaged weighted metrics (Avg), with the best
value of each metric displayed in bold within each row.

For each task, we initially analyze the overall performance of the models, “Avg” rows in the

tables, and then, examine the results for each class in the dataset. As can be seen in Tables 5.3, 5.4,

5.5, and 5.6, along with the corresponding F1-score graphs in Figure 5.1 and Figure 5.2, ChatGPT

model in 1-shot setting consistently outperform the ChatGPT model in 0-shot and Llama 2 (in all

settings) for informativeness task across all considered evaluation metrics. For the humanitarian

task, ChatGPT in the 1-shot setting for CrisisLex outperforms Llama 2 and ChatGPT in the 0-

shot setting for the same dataset across all metrics. Similarly, the F1-score of ChatGPT in the

0-shot setting for CrisisNLP and all metrics for CrisisBench outperform Llama 2 (in all settings)
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Class Metric Models
ChatGPT Llama 2

0-shot 1-shot 0-shot 1-shot 5-shot
AI Pr 82.092 75.532 19.951 44.547 53.552

Re 28.586 40.128 53.910 27.843 16.528
F1 42.404 52.199 29.124 33.375 20.406

CA Pr 41.336 42.842 0.000 31.137 22.811
Re 49.527 43.363 0.000 38.327 13.225
F1 45.058 42.761 0.000 30.089 15.596

DV Pr 66.492 59.393 7.582 53.348 81.118
Re 81.507 83.341 88.055 57.565 19.113
F1 73.234 69.229 13.961 52.525 27.675

IUD Pr 35.803 24.244 0.000 54.738 24.040
Re 67.491 85.340 0.000 9.105 5.401
F1 46.784 37.686 0.000 15.423 8.660

NH Pr 93.816 96.451 93.394 88.207 79.017
Re 84.189 84.240 37.858 85.580 98.776
F1 88.742 89.929 53.877 86.553 87.682

SS Pr 37.411 47.650 38.636 41.746 74.540
Re 82.497 74.248 3.208 65.880 18.734
F1 51.477 58.035 5.923 50.725 26.780

Avg Pr 84.167 85.747 73.911 76.893 73.156
Re 77.728 78.501 36.270 74.389 77.336
F1 78.888 80.537 43.287 74.167 70.534

Table 5.4: Experiment results for tweet humanitarian task for the CrisisLex dataset. Performance
is reported in terms of Precision (Pr), Recall (Re) and F1-score (F1) for each class and also as
a weighted average over all classes (Avg), with the best value of each metric displayed in bold
within each row.

and ChatGPT in the alternate setting. Therefore, the F1-score of ChatGPT in either 0-shot or

1-shot settings consistently outperforms Llama 2, demonstrating its superior performance. Also,

according to F1-score graphs in Figure 5.1 and Figure 5.2, BERT models consistently outperform

Bi-LSTM, CapsNet, and Llama 2 and ChatGPT models (in all settings) for both informativeness

and humanitarian tasks across all considered evaluation metrics.

In terms of performance on the classes of the informativeness task, the BERT model consis-

tently demonstrates superior F1-scores across all three datasets. In comparison, for both ChatGPT

and Llama 2 models, the F1-score of ChatGPT in the 1-shot setting consistently outperforms its 0-

shot setting and Llama 2 (across all settings). As for the low-resource model Llama 2, the ranking

is 5-shot, 0-shot, and 1-shot for CrisisLex and CrisisBench datasets, while for CrisisNLP dataset,

the ranking is 5-shot, 0-shot, and 1-shot for both classes and the average. The 1-shot variant con-
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Class Metric Models
ChatGPT Llama 2

0-shot 1-shot 0-shot 1-shot 5-shot
CA Pr 23.760 25.505 4.167 26.646 12.649

Re 22.597 56.922 0.505 13.299 0.842
F1 23.163 35.015 0.901 17.645 1.520

DE Pr 19.357 22.048 3.322 13.718 11.034
Re 85.554 83.009 34.091 31.061 10.985
F1 31.567 34.625 6.054 16.010 10.292

DV Pr 48.266 46.601 12.459 42.710 52.955
Re 52.565 38.242 88.511 7.518 3.759
F1 50.323 41.857 21.843 12.706 6.282

IUD Pr 67.544 55.918 0.000 68.939 33.333
Re 59.958 69.401 0.000 15.333 0.111
F1 63.508 61.842 0.000 24.338 0.221

IDP Pr 73.003 71.548 40.000 60.725 33.333
Re 75.301 63.508 21.170 11.520 0.276
F1 74.133 66.962 27.687 19.122 0.548

MFP Pr 30.131 26.354 17.241 40.863 0.000
Re 32.205 37.382 6.250 10.485 0.000
F1 31.109 30.885 9.174 16.581 0.000

NH Pr 91.018 94.163 85.577 70.495 62.442
Re 48.283 45.308 17.055 74.510 92.894
F1 63.095 61.166 28.442 72.287 74.599

RN Pr 5.519 3.088 1.449 2.818 16.667
Re 6.979 17.241 3.448 4.598 2.299
F1 6.157 5.237 2.041 3.391 4.040

RE Pr 9.400 12.516 7.812 10.304 14.156
Re 27.947 32.411 4.525 29.563 4.072
F1 14.068 18.004 5.731 14.085 6.265

SS Pr 28.545 29.546 16.000 30.464 10.812
Re 73.455 72.223 0.879 47.736 6.891
F1 41.113 41.877 1.667 36.964 6.128

Avg Pr 70.992 72.239 56.219 58.052 47.762
Re 51.636 49.799 20.203 52.601 55.991
F1 56.057 54.327 21.157 51.211 45.521

Table 5.5: Experiment results for tweet humanitarian task for the CrisisNLP dataset. Performance
is reported in terms of Precision (Pr), Recall (Re) and F1-score (F1) for each class and also as
a weighted average over all classes (Avg), with the best value of each metric displayed in bold
within each row.

sistently performs the worst in all cases for F1-score. This observation suggests that providing

only one random example for each class, which may not be a representative sample, confuses the

model more than helping it, compared to the scenario where no instances are shown to the model

in 0-shot. On the other hand, with 5-shot, there is a greater chance for the model to “understand”
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Class Metric Models
ChatGPT Llama 2

0-shot 1-shot 0-shot 1-shot 5-shot
AI Pr 18.757 9.848 5.478 10.612 17.035

Re 1.401 3.613 94.653 14.017 3.569
F1 2.606 5.180 10.357 11.057 5.231

CA Pr 36.079 32.048 9.804 39.558 25.874
Re 38.047 41.738 0.861 14.846 8.922
F1 37.036 35.780 1.582 17.680 7.723

DE Pr 9.914 10.303 2.098 15.696 2.631
Re 78.114 77.104 9.091 30.640 54.545
F1 17.594 18.073 3.409 19.930 4.958

DV Pr 54.387 57.022 30.899 52.821 39.792
Re 60.894 49.793 32.943 19.521 27.553
F1 57.456 53.127 31.888 27.229 28.149

IUD Pr 62.739 47.499 44.444 69.756 47.881
Re 53.343 69.278 0.400 16.201 4.303
F1 57.659 56.064 0.794 25.369 7.452

IDP Pr 42.134 39.404 12.658 35.423 47.578
Re 66.170 60.762 1.783 18.835 7.857
F1 51.485 47.793 3.125 23.787 13.229

MFP Pr 20.209 15.196 100 30.261 19.444
Re 37.658 46.278 0.971 9.709 1.618
F1 26.293 22.831 1.923 14.279 2.962

NH Pr 90.834 94.119 90.020 68.583 71.694
Re 74.094 70.302 26.641 85.396 67.854
F1 81.614 80.422 41.115 75.426 64.895

RN Pr 79.200 66.369 1.299 62.947 53.372
Re 31.528 45.064 0.146 22.884 16.956
F1 45.096 53.652 0.263 31.023 11.003

RE Pr 4.158 5.295 0.000 7.958 10.038
Re 29.245 31.674 0.000 13.122 4.676
F1 7.281 9.002 0.000 9.373 6.107

SS Pr 37.590 38.768 21.875 43.781 25.838
Re 69.880 62.941 0.687 38.954 30.065
F1 48.883 47.894 1.332 39.569 26.226

Avg Pr 73.843 73.586 61.200 59.764 57.513
Re 63.045 61.579 22.483 59.158 46.812
F1 66.135 65.544 27.664 55.181 44.542

Table 5.6: Experiment results for tweet humanitarian task for the CrisisBench dataset. Perfor-
mance is reported in terms of Precision (Pr), Recall (Re) and F1-score (F1) for each class and also
as a weighted average over all classes (Avg), with the best value of each metric displayed in bold
within each row.

commonalities among the five instances of each class, allowing it to generalize better to instances

from the test dataset.

For the humanitarian categorization of crisis tweets, similar to the observed trend in the crisis
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Figure 5.1: The graph for F1-score comparison of informativeness task for the three datasets,
CrisisNLP CrisisNLP, CrisisBench, respectively.

tweet informativeness tasks across all three datasets, the F1-scores of BERT surpass those of the

other six models. As for both ChatGPT and Llama 2 models, the F1-score of either the 0-shot or

1-shot setting consistently outperforms the Llama 2 model (across all settings) and in almost all

the classes. The ranking of the average performance (Avg) of Llama 2, based on F1-scores for this

classification task, is Llama 2 1-shot, followed by 5-shot, and then 0-shot.

BERT’s classification of instances into different classes can be comprehensively examined

through the confusion matrices presented in the first row of Figure 5.3 for the three datasets. An-

alyzing these figures reveals certain challenges for BERT in specific class identifications. For the
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Figure 5.2: The graph for F1-score comparison of humanitarian task for the three datasets, Cri-
sisNLP CrisisNLP, CrisisBench, respectively.
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CrisisLex dataset, the model exhibits difficulties accurately identifying instances related to IUD

(Infrastructure and Utilities Damage), with an accuracy of only 0.59. In CrisisNLP, a notable mis-

classification pattern is observed, where a majority of instances from RN (Requests or Needs) and

RE (Response Efforts) classes, with accuracy values of 0.14 and 0.37, respectively, are misclassi-

fied as NH (Not Humanitarian). Similarly, in CrisisBench, a significant number of instances from

the RE class, with an accuracy as low as 0.30, are misclassified as NH.

The confusion matrices for Llama 2 0-shot, 1-shot, and 5-shot, across different datasets are

presented in Figure 5.3, as well. A closer examination of these matrices reveals that the 1-shot

setting can correctly identify some classes, as indicated by the presence of blue highlights along

the diagonal of the confusion matrices. This suggests that, in the 1-shot setting, a greater number

of instances are accurately classified compared to the other two settings. In contrast to the infor-

mativeness task, the humanitarian task involves a more fine-grained classification of informative

instances, potentially explaining why 1-shot outperforms 0-shot in most cases. However, the in-

troduction of additional random instances in the 5-shot setting seems to introduce some confusion

to the model, resulting in a performance degradation compared to 1-shot. Nevertheless, the 5-shot

setting consistently outperforms the 0-shots setting in this task. Additionally, the confusion matri-

ces for ChatGPT 0-shot and 1-shot across different datasets are presented in Figure 5.4. Based on

this, the confusion matrices of ChatGPT 1-shot typically exhibit better performance than those of

0-shot, with similar shades of blue colors and percentages across the diagonal as the ones in the

confusion matrices of the BERT model. Comparing them with Llama 2 1-shot (the best settings

for Llama 2 model for the humanitarian categories task) reveals that ChatGPT 0-shot and 1-shot

are superior for classifying humanitarian tasks.

Based on the results of both tasks, it can be concluded that BERT stands out as the most

effective model for classifying crisis-related tweet datasets, demonstrating superior performance

compared to the other models. Moreover, Llama 2 models, in both zero- and few-shot settings,

exhibit the least favorable performance, with a substantial performance gap. However, ChatGPT

models, particularly in the 1-shot setting, demonstrate superiority in classifying humanitarian tasks
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compared to Llama 2, although they still lag behind the BERT model. This underscores the

importance of fine-tuning models with a large corpus of datasets to enhance their effectiveness.

It is worth acknowledging that despite the lack of fine-tuning and exposure to minimal to no

instances in each class, ChatGPT models still perform reasonably well, highlighting their potential

for tasks with limited labeled data, including crisis-related tweet classifications in the first hours

of a disaster.

5.6 Error analysis

For error analysis, we examine the performance of the models on the CrisisLex, CrisisNLP, and

CrisisBench datasets by analyzing confusion matrices (Figures 5.3 and 5.4), Venn diagrams (pre-

sented in Figure 5.5), and class-wise precision, recall, and F1-scores (presented in Tables 5.4, 5.5,

5.6).

Comparing the confusion matrices of Llama 2 with those from the BERT model in Figure 5.3,

it is evident that Llama 2’s 1-shot performance surpasses its 0-shot and 5-shot settings. This is

indicated by the blue highlights on the diagonal, showing it can classify more of the less repre-

sentative classes effectively compared to the other two settings, where they tend to classify most

of the examples from each class as the majority category of the HM category. Additionally, based

on the confusion matrices in Figure 5.4 and metrics of precision, recall, and F1-score in Tables

5.4, 5.5, 5.6, ChatGPT’s 1-shot setting also excels at classifying minority classes. For instance,

based on the confusion matrices, ChatGPT 1-shot correctly classified around 37% and 46% of

MFP (Missing and Found People) instances in the CrisisNLP and CrisisBench datasets, respec-

tively, compared to ChatGPT 0-shot. Similarly, it correctly classified 17% of RN (Requests or

Needs) in CrisisNLP. There is a similar trend on the diagonal for most of the classes as well. It

is worth noting that these percentages are significantly higher than those in Llama 2 in all three

settings, indicating that ChatGPT is a better choice for few-shot learning classification of disaster

tweets. Across the datasets, ChatGPT generally exhibited higher precision and recall in several
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Figure 5.3: Confusion matrix for humanitarian task for BERT and Llama 2 models for the three
datasets
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Figure 5.4: Confusion matrix for humanitarian task for BERT and ChatGPT models for the three
datasets

classes compared to Llama 2, particularly in the 1-shot settings. Therefore, for the Venn diagram,

we focused on the 1-shot setting of both ChatGPT and Llama 2 for detailed error analysis. This

detailed comparison helps us identify areas where improvements are needed and enhances our

understanding of the models’ capabilities and limitations.

The Venn diagrams in Figure 5.5, further highlight these performance differences. In the Cri-

sisLex dataset, ChatGPT correctly classified 852 instances that Llama 2 misclassified (11.65%),
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(a) CrisisLex (b) CrisisNLP

(c) CrisisBench

Figure 5.5: Venn diagrams for wrongly classified occurrences among LLMs of ChatGPT and
Llama 2 in 1-shot setting for CrisisLex, CrisisNLP, and CrisisBench datasets for humanitarian
task for one of the runs

while Llama 2 correctly classified 648 instances that ChatGPT misclassified (8.86%), with both

models misclassifying 830 instances (11.35%). In the CrisisNLP dataset, Llama 2 had fewer

misclassifications than ChatGPT, correctly classifying 982 instances (18.34%) compared to Chat-

GPT’s 878 instances (16.40%), with both models misclassifying 1712 instances (31.98%). In the

CrisisBench dataset, ChatGPT performed better, correctly classifying 2629 instances (15.15%)

compared to Llama 2’s 2461 instances (14.18%), with both models misclassifying 4170 instances

(24.03%). Additionally, some tweets in each dataset could not be classified by either one or both
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Tweet
#

Error Trend # Tweet Example Class
Label

Predictions

ChatGPT Llama 2 ChatGPT Llama 2
1 1 1 RT @Afterseven: WACO EXPLOSION

DISPATCH: People trapped IN the Fire
I need anybody and everybody you can
send. [link]

DV AI AI

2 1 - News reports are at least 3 dead, 30+ in-
jured. #PrayForBoston #BostonMarathon
[link]

AI SS NH

3 - 1 RT @mention : Marcos Hiway near Fil-
invest -still not passable to light vehicles,
flood water about 3ft deep.. #floodsPH
@MMDA

IUD IUD CA

4 1 - RT @HuffingtonPost: Bangladesh fac-
tory collapse families search trucks haul-
ing debris for uncounted dead [link]

AI IUD AI

5 2 - Three injured in Highway 22X crash: A
Sunday morning collision in the south end
of the city has left one person... [link]

NH AI NH

6 2 - Still without power.. Freezing and bored NH IUD NH
7 2 2 @mention some hygiene items & clean-

ing supplies are on their way to you, from
@mention. :). #yychelps #yycflood

NH DV DV

8 3 - @mention : Thanks for waking me up
God.

NH SS NH

9 3 - @mention there’s a new documentary out
on animal planet. with new evidence. I
am crying

NH SS NH

10 - 3 RT @BBCNews: Emergency services in
full operation. Thoughts with everyone
involved - @AlexSalmond on Glasgow
#helicopter crash [link]

SS SS CA

11 4 - @mention happy birthday Chris! :) stay
safe!

NH SS NH

12 - 4 Explosion rips Texas fertilizer plant: An
explosion ripped through a fertilizer plant
Wednesday night in West,... [link]

IUD IUD AI

13 5 - Earthquake in Iloilo, Philippines! My
head’s aching.

SS AI SS

14 5 5 You can if you want to NH N/A DV
15 2 6 Spain Crash: Driver ’Speeding At Twice

Limit’: The driver of the train that de-
railed in Spain, killing 79 peop... [link]

AI IUD NH

Table 5.7: Tweet examples illustrating various error trends. Each error trend number corresponds
to ChatGPT or Llama 2 models, with mention if misclassified. Words/parts related to misclassifi-
cation by ChatGPT are highlighted in blue, while those for Llama 2 are in orange, when differing
from ChatGPT. True class labels and model predictions are provided, with correct predictions
highlighted in green and incorrect ones in red.Private mentions are tagged with @mention, and
links are represented as [link]
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1-shot Tweets Class Label
RT @CNN: Explosion at a Texas fertilizer plant may have injured more
than 100. Details and video live on @CNN TV.

AI

RT @CNN: 56 fires scorch eastern Australia; state of emergency de-
clared: [link]

CA

Stay safe everyone! #boulderflood SS
@mention I’ve tried them & can thoroughly recommend them. Do you
still do Orange Melties as well?

NH

“Latest info: 36,930 acres, 18 structures damaged, 1 person missing.
All stories and updates here: [link] #HighParkFire”

IUD

RT @mention: DONATE, SHARE, and VOLUNTEER for the Flood
Victims! [link] #TulongKabataan #ReliefPH

DV

Table 5.8: Randomly selected 1-shot tweets from the CrisisLex dataset, which were used as part
of the prompt in one of the 1-shot experiment runs. Private mentions are tagged with @mention,
and links are represented as [link].

Dataset Only ChatGPT Only Llama 2 Both models Total
CrisisNLP 4 3 0 7
CrisisLex 9 21 1 31
CrisisBench 14 15 1 30

Table 5.9: Number of tweets in each dataset that could not be classified by either ChatGPT, Llama
2, or both models in the same run considered for error analysis.

models (N/A). These tweets are included in the misclassified category in the Venn diagram, with

their counts detailed in Table 5.9.

To gain more insight into the misclassified tweets and identify any trends, we examined misclas-

sified tweets from all datasets for one of the runs. We found some recurring patterns and included

concrete examples for each from the CrisisLex dataset in Table 5.7. It is worth mentioning that

similar trends were also observed in the other two datasets. However, we only included CrisisLex

examples along with the 1-shot tweets in Table 5.8 that we used in the prompt for further analysis.

The general trends in misclassified tweets are as follows:

1. Could Have Several Labels: Tweets that could reasonably belong to multiple classes due

to their content being relevant to more than one category. For example, tweet number 1

in Table 5.7 could be classified as AI (affected individual) since “People trapped” refers to
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affected individuals. Both models misclassified this tweet as AI. More examples are tweets

numbered 2, 3, and 4 in the table.

2. Not Suited Class Label: The assigned class label does not seem appropriate based on the

tweet’s content. For example, in tweet number 5, although the class label is NH, it seems

it should be classified as AI (affected individual) since “Three injured” refers to affected

individuals. More examples are tweets numbered 6 and 7 in the table.

3. Encourages Misclassification: Tweets containing words or phrases that might lead the

models to make incorrect predictions. For example, in tweets numbered 3 and 4 in the

table, words like “thanks”, “god”, and “crying” caused the misclassification of SS (sympa-

thy and support) by the ChatGPT model. Other words that often cause this type of misclas-

sification include: “hope, love, thank you, weep, drama, feel, pain, congrats, thanks, god,

prayers” for SS (sympathy and support); “airport, helicopter, damage, flame, train derail-

ment, collapse, debris” for IUD (infrastructure and utilities damage); “church, fundraiser,

donate, help, relief, supporters” for DV (donation and volunteering); and “trapped, injured,

ache, illness, evacuate” for AI (affected individual).

4. Similar to the Prompt: Tweets that closely resemble the prompts given to the models

for classification, including similar keywords, phrases, or themes. For example, in tweet

number 4 (@mention happy birthday Chris! :) stay safe!), the exact

phrase “stay safe” was used in the 1-shot prompt (Table 5.8) for the SS class, leading to

misclassification of SS by ChatGPT. Similar issues were found in tweet number 5, where

words used in the prompt for AI (Table 5.8) led to Llama 2 misclassifying it as AI.

5. Ambiguous Interpretation or Nuances Not Captured: Tweets with unclear intended

meaning or context, subtle nuances, such as negations or sarcasm, make accurate classi-

fication challenging. For example, in tweet number 13, “My head’s aching” refers to the

user’s sadness and their sympathy, but ChatGPT classified it as AI (affected individual).

Similarly, all tweets falling into the NH (not humanitarian) category but unclassified by
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ChatGPT in the CrisisLex dataset also fit this pattern. For instance, tweet number 14, “You

can if you want to,” is short and lacks clear context. Moreover, the given 1-shot

tweet provided to the prompt for this class (@mention I’ve tried them & can

thoroughly recommend them. Do you still do Orange Melties as

well?) does not encompass the wide range of content found in tweets like this one, making

it challenging for ChatGPT to generalize accurately from the prompt.

6. Llama 2 No Logic and Tends to Misclassify Towards Not-Humanitarian A Lot: Llama

2 often misclassifies tweets in a seemingly arbitrary manner, frequently towards the NH

(not humanitarian) category. Unlike ChatGPT, which shows some logical pattern in mis-

classifications, Llama 2’s errors appear more random. For example, tweet number 15 was

classified as NH by Llama 2 despite clear humanitarian content.

7. Llama 2 Inability to Classify Insults or Violence or Hate Speech: Llama 2 could not

classify tweets containing insults, violence, or hate speech most of the time. Although

specific examples are not presented, an example output for such tweets by Llama 2 is: “I

cannot classify this tweet as it goes against ethical and moral standards, and promotes

harmful behavior. Therefore, I cannot provide a category for this tweet.”

Overall, this error analysis highlights the challenges of accurately classifying text data by

LLMs of ChatGPT and Llama 2 in 1-shot settings, especially when confronted with ambiguous

or nuanced content. Moreover, it emphasizes the importance of carefully selecting 1-shot tweets

for prompts, rather than randomly selecting them, to prioritize those that are more representative

of each class. Additionally, considering prompt engineering or guided methods, such as chain of

thought, in future work could enhance the performance of these models.
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5.7 Conclusions and future work

In this study, we conducted an in-depth evaluation of ChatGPT and Llama 2 in 0-shot and few-shot

settings, by comparison with fine-tuned CapsNets, BERT, and Bi-LSTM models for crisis-related

tweet classification tasks, specifically focusing on tweet informativeness (binary classification)

and tweet humanitarian categorization (multi-class classification). The evaluation utilized three

datasets: CrisisLex, CrisisNLP, and CrisisBench. The findings underscored that among all mod-

els, BERT consistently demonstrated the best performance in classifying crisis-related data. For

ChatGPT and Llama 2 models in 0-shot and few-shot settings, performance was not directly com-

parable with that of the fine-tuned models. However, considering that no training instances (0-

shot) or only a few instances (few-shot) were presented to the ChatGPT and Llama 2 models as

part of the prompts, the results (esp. ChatGPT 1-shot) were noteworthy. The F1-score results

of Llama 2 indicate that 0-shot settings yielded best results for informativeness tasks, while the

1-shot setting demonstrated best overall performance for humanitarian tasks. The F1-score results

of ChatGPT indicate that the 1-shot settings yielded the best results for informativeness tasks. For

humanitarian tasks, the 1-shot setting had the best overall results for CrisisLex, the F1-score was

best overall for CrisisNLP, and the 0-shot setting had the best overall results for CrisisBench. This

trend suggests a notable influence of prompt selection and instance choice, emphasizing the impor-

tance of a careful selection process for instances in few-shot scenarios to showcase representative

examples for each class, avoiding random selection.

Our future work aims to delve into alternative approaches for creating optimal prompts for

large language models, including ChatGPT and Llama 2, in zero and few-shot settings ,given

the dependency of ChatGPT and Llama 2 on prompts and example selection. This exploration

will involve a comparative analysis with fine-tuned models in the context of crisis-related content

classification.
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Chapter 6

Conclusions and future works

Social media plays a crucial role as an information source in modern life, including during nat-

ural disasters. Despite its importance in disaster response and management, the effectiveness of

social media can be hindered by the sheer volume of available data. Deep learning methods have

demonstrated their efficacy in extracting valuable insights from this vast social media data, han-

dling disaster classification tasks that involve both textual and visual information. My research

aimed to build on this foundation by utilizing advanced deep learning models to enhance the clas-

sification of disaster-related posts on Twitter.

In this dissertation, I have explored various advanced deep learning models for the crucial task

of identifying informative tweets and their subcategories for disaster response and crisis manage-

ment, particularly focusing on the classification of disaster-related content on Twitter. Specifically,

I have investigated the utilization of Capsule Neural Networks (CapsNets), transformer-based

models, recurrent neural networks (RNNs), and the potential of large language models (LLMs)

across different disaster scenarios and classification tasks.

In particular, Chapter 2 demonstrated the efficacy of Capsule Networks (CapsNets) in classifying

disaster images as informative or non-informative, outperforming traditional convolutional neural

networks (CNNs), particularly RNNs.

In Chapter 3, I extended this study by evaluating advanced transformer models, such as Vision
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Transformers (ViT), CSWin, and Contrastive Language-Image Pretraining (CLIP) in comparison

with the CNN-based ConvNeXts model and CapsNets of the previous chapter, showcasing the

superiority of CLIP in disaster image classification tasks across various settings, emphasizing the

crucial role of pre-trained models in capturing complex patterns to enhance disaster response ef-

forts.

Shifting the focus to textual content classification, Chapter 4 compared CapsNets with state-of-

the-art transformer-based models like BERT, as well as LSTM/Bi-LSTM, for crisis tweet classi-

fication. In the text analysis, the transformer-based model BERT also consistently outperformed

CapsNets and the other models, emphasizing the potential of transformer-based architectures in

handling both text and images. This suggests that further exploration of transformer-based models

in multi-modal settings is a promising direction for future research.

Chapter 5 explored the domain of large language models, recognizing their substantial influence

across various domains since their emergence. I evaluated two LLMs, ChatGPT and Llama 2,

in zero-shot and few-shot learning settings, comparing their performance with the top-performing

fine-tuned models from the previous chapter. While BERT maintained its superiority, the study re-

vealed promising results for ChatGPT in handling low-resource scenarios, suggesting its potential

for crisis-related content classification during the initial hours of a disaster when labeled datasets

are scarce.

In conclusion, the comprehensive analysis in this dissertation emphasizes the importance of utiliz-

ing advanced deep learning models for timely and accurate disaster response efforts. Transformer-

based models, specifically BERT and CLIP-ViT, emerge as powerful tools for classifying image

and text-based disaster posts on Twitter, respectively. Additionally, the potential of large lan-

guage models like ChatGPT in managing low-resource scenarios, in the initial hours of the dis-

aster events, is promising. As a disaster unfolds and more data becomes available, pre-trained

transformer-based models can be fine-tuned on new labeled datasets, enhancing their effective-

ness in disaster response.

Based on the results of this dissertation, future work should focus on exploring multi-modal ap-
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proaches to incorporate both text and images, as well as optimizing prompt selection strategies

for large language models in zero and few-shot scenarios. Therefore, two potential approaches for

future investigation are as follows:

• Few-shot semi-supervised multimodal deep learning model for tweet classification:

Leveraging both text and image modalities to harness their complementary nature, this

approach aims to utilize both types of data from social media posts to train a few-shot

semi-supervised multimodal deep learning model for tweet classification. By employing

semi-supervised learning techniques, unlabeled datasets can be utilized in the initial hours

of a crisis when manual labeling is impractical, gradually enhancing the model’s perfor-

mance through iterative training cycles. To achieve this, integrating contrastive learning

techniques, such as CLIP as demonstrated in this dissertation, in conjunction with semi-

supervised methods like FixMatch and MixMatch can be explored to compare their perfor-

mance with supervised models trained on labeled data. The expected outcome is a model

capable of effectively extracting actionable insights from social media data during critical

events, thereby improving the efficiency of emergency response systems.

• Optimizing prompt generation for large language models such as ChatGPT: Large lan-

guage models (LLMs) such as ChatGPT, which have demonstrated superiority compared to

Llama 2 in zero-shot and few-shot settings, encounter challenges in accurately classifying

crisis-related text data, particularly when faced with ambiguous or nuanced content. This

challenge may arise from the random selection of 1-shot tweets used in the prompts, which

often fails to capture representative examples of each class, resulting in suboptimal perfor-

mance. To address this issue, alternative approaches for prompt generation can be explored

such as, prompt engineering or guided methods like chain of thought. This refinement aims

to improve prompt generation strategies. By improving prompt generation techniques, the

research aims to overcome the challenges posed by ambiguous or nuanced crisis-related

content, ultimately enhancing the accuracy and effectiveness of LLMs in crisis response

scenarios in few-shot settings.
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