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Abstract

Social media postings are increasingly being used in modern days disaster manage-
ment. Along with the textual information, the contexts and cues inherent in the images
posted on social media play an important role in identifying appropriate emergency
responses to a particular disaster. In this paper, we proposed a disaster taxonomy of
emergency response and used the same taxonomy with an emergency response
pipeline together with deep-learning-based image classification and object identifica-
tion algorithms to automate the emergency response decision-making process. We
used the card sorting method to validate the completeness and correctness of the
disaster taxonomy. We also used VGG-16 and You Only Look Once (YOLO) algorithms to
analyze disaster-related images and identify disaster types and relevant cues (such as
objects that appeared in those images). Furthermore, using decision tables and applied
analytic hierarchy processes (AHP), we aligned the intermediate outputs to map a
disaster-related image into the disaster taxonomy and determine an appropriate type
of emergency response for a given disaster. The proposed approach has been validated
using Earthquake, Hurricane, and Typhoon as use cases. The results show that 96% of
images were categorized correctly on disaster taxonomy using YOLOv4. The accuracy
can be further improved using an incremental training approach. Due to the use of
cloud-based deep learning algorithms in image analysis, our approach can potentially
be useful to real-time crisis management. The algorithms along with the proposed
emergency response pipeline can be further enhanced with other spatiotemporal
features extracted from multimedia information posted on social media.

Keywords: Convolutional neural networks, Image classification, Object detection,
Disaster management

Introduction

Sometimes disaster comes with little or no warning, arising problems rife with ques-
tions and uncertainties and requiring us to make quick decisions based on limited
information [1]. In the era of ubiquitous networks and social media, sometimes we are
overwhelmed with information that we cannot process or filter within a short time.
The onset of disaster demands a fast response in ensuring the safety of affected people
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and protecting vulnerable places and other artifacts. In such a situation, the informa-
tion coming instantly and continuously from the affected areas helps the humanitarian
organizations reach out to the affected people and specific locations with their services.
Numerous studies have shown that online information from social media is useful in
crisis management and emergency response operations [1, 2]. The EDM (Emergency
Decision Making) [3] plays a significant role in natural disasters to help the responsi-
ble bodies’” humanitarian efforts with the emergency and rescue operations. The EDM,
however, requires a timely collection of relevant information. Most previous studies
show that the users’ textual data on social media [4] helps with emergency response in
all phases of disaster management: the calm before the disaster, during the disaster, the
peak, the plateau, the decline, and return to normal [5]. Almost all social media plat-
forms support the facility of uploading images and videos from the users’ accounts.
Most social media users find it easy to capture and post photos of the crisis instead of
writing lengthy texts. The social media platforms such as Twitter also provide API to
access, retrieve, and download user-uploaded photos along with metadata. Hence, we
are encouraged to use social media images to identify disasters and disaster-related cues
in the social media posts. The effective extraction and fusion of information embedded
in social media images will be helpful in many aspects of crisis management including
fast response, rescue and aid operation, as well as generating timely alerts or warnings
that may save lives and property.

It is worth mentioning that social media posts are not always of high quality, accurate
and timely; however, the previous studies have proved the usefulness of social media in
disaster management and response. For instance, Said et al. [6] justified the role of social
media in the communication and dissemination of disaster-related news and relevant
approaches for information filtering, events detection, and summarization. Murthy et al.
[7] have analyzed the Twitter and Flickr platforms’ posts with images of affected areas.
They reported that during the disaster, the visual cues of most social media posts are
related to food and supplies. Peters and Albuguerque [8] have investigated the image-
related geographical information to check if the posted images are relevant to a disaster
or not. Similarly, Daly & Thom [9] have analyzed the geographic information of social
media images related to fire hazards. Nguyen et al. [10] have investigated social media
images to determine the extent of damage during natural disasters using machine learn-
ing techniques. The previous studies verify that users’ social media photos are a useful
and rich source of disaster information.

Many studies [11-13] have contributed to disaster image datasets such as floods,
earthquakes, and fire, helpful in the classification of disaster types. However, the visual
information embedded in the social media images can be made more useful by recogniz-
ing the actual emergency cues as humans naturally perceive by looking at a picture. To
do so, we need further annotation of such image datasets. In social media crowdsourc-
ing, generally, the information is available in massive amounts; therefore, it is impossible
for a person or a team to manually filter loads of social media photos and find meaning-
ful information (i.e., relevant cues) in them quickly. Therefore, automating the recog-
nition of useful disaster-related objects and their contextual information in the social
media images such as damage, fatality, causality, affected people, animals, or supplies,
etc., help the rescuers, police, humanitarian organization, and emergency operators in



Asif et al. J Big Data (2021) 8:83 Page 3 of 28

the EDM. However, none of the previous research contains a detailed investigation of
the following: (1) recognizing the emergency cues from the images, (2) automating the
decision support for locating the appropriate emergency types and responsible authori-
ties for given image-driven cues, and (3) labeling of emergency cues and disaster objects
in the image datasets. In this study, we focus on such aspects of social media image
analysis.

This paper aims to address the challenge of processing a huge number of social media
images according to disaster type and relevant emergency responses. We have pro-
posed a novel approach to automating emergency information recognition from the
social media disaster’s images. To automate the social media image analysis in recogniz-
ing appropriate emergency response, we developed a disaster taxonomy of emergency
response. Previously many studies investigated disaster taxonomies [14, 15] from the
perspective of disaster’s functional areas and theoretical aspects. However, the exist-
ing taxonomies are more general to our requirements as we need lower-level details
on the disaster response function to develop our automation pipeline. Therefore, it is
required to explore what type of visual cues can accelerate the emergency response. We
also developed the labeled images dataset of disaster objects and features that will fit the
emergency response taxonomy.

To develop the automated social media image sorting pipeline, we first construct the
taxonomy of disaster emergency response suitable for social media visual elements by
exploring the literature and augmenting it using a card-sorting activity [16]. Further-
more, we also annotate the dataset according to the proposed taxonomy of emergency
response. We used our developed custom images dataset containing labels of disaster-
related objects to train deep learning-based models for extracting emergency object
labels from the image. Image labels’ utilization in a balanced way for correct emergency
information recognition is challenging; we employed ‘decision tables’ and ‘analytic hier-
archical processes’ models for information fusion to find the most suitable place for the
image in emergency response taxonomy. The evaluation of the proposed image process-
ing pipeline for emergency recognition is performed on the open-source and custom-
developed datasets. In the following, the contributions of this work are summarized:

+ Constructing the taxonomy of disaster emergency response for social media images
consisting of different categories: ‘damage; ‘rescue, volunteering, and/or donation;
food and basic need supply;, affected individuals ‘caution, warning, advice; and
affect on social activities.

+ Developing a labeled image disaster’s object dataset to detect disaster information for
training CNN-based models.

+ Proposing an image processing pipeline that automates social media images’ filtering
by effective use of disaster emergency response taxonomy and consolidating disas-
ter emergency object labels by decision support modeling technique for information
fusion to automate the decision to distinguish the image according to the emergency
response disaster category.

The rest of this paper is organized as follows: “Related work” Section provides a com-
prehensive literature review; “The proposed methodology for automating the emergency
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response process” Section elaborates the technical details of each module of the pro-
posed methodology. It presents the disaster taxonomy, dataset development, and CNN-
based model used for image classification and disaster-related object detection, followed
by the information fusion approach used to map the disaster-related object on the pro-
posed taxonomy. “Concept validation through the image processing pipeline” Section
presents an end-to-end image processing pipeline used to evaluate the proposed meth-
odology and report results. We closed this paper with a discussion and conclusion in
“Discussion and conclusion” Section.

Related work

This section reports a comprehensive review of the previous literature on social media
image data during the disaster. We start with the studies related to machine learning and
deep learning neural network models and algorithms of multimodal social media data in
the disaster domain, followed by their evaluation studies. Then we discuss the previous
contributions in developing disaster-related image datasets. Lastly, we present the exist-
ing work in the disaster classification and highlight the limitations of previous work.

Machine learning models and algorithms for disaster data crowdsourcing

Francalanci et al. [17] proposed a method to extract the geo-located images from tweets
to support the emergency response. They have offered the extraction method of geo-
located images comprised of tweet selection, tweet cleaning, geo-localization, selection
of tweets with media, image analysis, and fine-grained localization. The authors have
developed the system caled Image Extraction from tweets (IMEXT) to validate the pro-
posed method. The IMEXT tool resulted in 14.18% of useful images with location infor-
mation in the available tweets dataset. This study is limited to one disaster type, and
the tweets with location and damage-related keywords filtered manually. Murthy et al.
[7] conducted a study on geo-located images taken from the Instagram’s app users and
posted on Twitter accounts during Hurricane Sandy. The images were posted in three
phases of the Hurricane Sandy disaster, i.e., pre-US pre-storm, when Sandy made US
landfall, and Sandy’s aftermath. The results showed that most photos were about sup-
plies during the time Hurricane Sandy made US landfall, and the most common topic
was ‘Sandy parties. Aftermath, users started posting images related to the categories
of ‘damage’ and ‘outside’ such as ’built environment, ’trees coming down; ‘flooding;
etc. Regarding images related to relief, users captured pictures of the Hurricane Sandy
telethon by taking a screenshot of the Red Cross donations posted on Instagram. The
authors concluded that Twitter users change posting trends quickly according to "what’s
happening’ prompts with images posted on Instagram showing identifiable tendencies.
The study was limited to pre-defined disaster’s motif categories for image coding. Peters
and Albuguerque [8] have investigated Flickr and Instagram’s tweets and messages dur-
ing intensive flood events in Saxony, Germany, in 2013. The authors developed a meth-
odological workflow—the dataset consisting of a total of 26,713 messages from all three
social media. Every message was timestamped, georeferenced, and retrieved using their
public API. The Flickr users posted more messages 15% in the proportion of 2% of Twit-
ter users. Additionally, they found out that the share of messages within the hazard
areas was 45%, 40%, and 25% in Flicker, Instagram, and Twitter, respectively. Moreover,
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the messages posted closer to disaster events’ location comprised of more images. This
study showed that social media images with relevant contents are helpful in improving
information extraction, consequently enhance situational awareness. The study dataset
was collected from a specific location, which was related to a single disaster event; there-
fore, the study results have limited scope.

Daly & Thom [9] selected Flickr as a social media data source to investigate the visual
characteristics and the geospatial characteristics distribution of major fire photos and
metadata. The’Bag of Features model’ is used for image classification. The authors have
compared the four different approaches to train the SVM: SIFT, SURF, ColorSUREF, and
ColorSIFT. ColorSIFT was found to be the best, with 91% recall and 93% precision. The
study is limited to the Flickr platform, and the images were just classified as fire and
non-fire events. Nguyen et al. [10] investigated images posted on social media during a
natural disaster to determine the level of damage. To achieve that, they employed state-
of-the-art machine learning techniques. The authors explored the performance of several
image classification techniques, i.e., the traditional technique of Bag-of-Visual-Words
(BoVW) and CNN for evaluating the level of damage severity of social media images.
Different experiment settings were set for evaluating the performance of machine learn-
ing classifiers of BoVW model, VGG16 network, and VGG16 transfer learning approach
where the last layer of pre-trained VGG16 was initialized using the new dataset of three
damage categories.: (1) severe, (2) mild, and (3) little or no damage. The results showed
that VG@G16 fine-tuned outperformed other techniques. In this study geo-location infor-
mation was not explored.

Ahmed et al. [18] integrated information which was retrieved from multiple sources;
sensed data were retrieved from satellite images, and visual and meta-data were
retrieved from social media images. The challenge was composed of two tasks (i) Dis-
aster Image Retrieval from Social Media (DIRSM) and (ii) Flood Detection in Satellite
Images (FDSI). The CNN models are AlexNet, GoogleNet, VGGNet-19, and ResNet
(with 50, 101, and 152 layers). The average precision of visual-only they have attended
between 89 to 95%. In [19], the authors extracted the visual information from social
media images (like Twitter and flicker) about natural disasters along with meta-data
such as (users’ tags, title, description, and geo-location information) and this informa-
tion was used for the retrieval of disaster images from social media. The best results
were obtained on visual information, only around 95.73%. A technique to identify the
disaster from many social media multimedia repositories consisted of early fusion and
decision fusion levels. In the early fusion level, data was collected from various sources
such as social media, wireless sensor networks, IoT (internet of things), unmanned aerial
vehicles (UAV). The acquired data was used to detect the crisis and analyzed for event’s
severity level. The decision fusion level used the rule-based approach to gather the inci-
dent report from the previous layer and combine them. They have used fast R-CNN
trained on open image dataset for object detection [21]. The study was limited to the
open-image dataset.

Dunnings and Breckon [22, 24] applied AlexNet, InceptionV1l, VGG13, Incep-
tionV1-OnFire, and Fire CNN to automatically detect fire pixel regions in video and
images within real-time bounds without reliance on temporal scene information. The
study resulted in maximal accuracy of 0.93 of whole image binary fire detection. The
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Reference Algorithm

Disaster type

[10] Bag-of-Visual-Words (BoVW), SVM, VGG16, VGG15fine-tuned, VGG16fine-tuned Earthquake,
Hurricane,
Flood

[18] AlexNet (4096), GoogleNet, VGGNet 19 (4096), ResNet (with 50, 101 and 152 layers) ~ Flood

[22] AlexNet, InceptionV1, VGG13, InceptionV1-OnFire, FireCNN Fire

[19] SVM, Sequential CNN Flood

[20] Faster R-CNN trained on COCO dataset Fire

Table 2 Analysis of related work for disaster image classification models and algorithms

Reference Contribution

Case Studies

[17,23] Extracting geo-located images from Tweets to
support emergency response

Developed a system called IMEXT (Image
Extraction from tweets) to extract the geo-
located images from tweets for supporting

the emergency response

[7] Study of how people use social media in disas-
ters situations

[23, 24] Develop a system (Image4Act) that provides
end-to-end social media image processing

The system collects, denoising, and classify-
ing imagery content posted on social media
platforms to help humanitarian organizations
gain situational awareness and launch relief

operations

[8] The images on the ground and posted on social
media can offer more reliable and valuable
information for improving situational aware-
ness

[9] Build a machine learning model to classifying
fire and non-fire images

Employ machine learning techniques to analyze
images posted on social media platforms dur-
ing natural disasters to determine the level of
damage caused by disasters

Presented a large amount of multimodal Twitter
dataset related to natural disasters

Designed and implemented flood images
retrieval pipeline that using deep neural
network for comparing various features for
image retrieval

Tweets posted the two days after the earthquake
that occurred in central Italy in August 2016

Hurricane Sandy images by Instagram and Twitter
users

Cyclone Debbie hit Queensland, Australia in
March 2017

Hurricane Sandy

California Rim Fire

Typhoon

Ruby typhoon/Hagupit,

Nepal Earthquake, Ecuador Earthquake,
Hurricane Matthew

Seven disaster events in 2017

No case studies

study was limited to the fire types of the disaster event. Antzoulatos et al. [20, 21]

applied the steps of Image classification, Emergency localization, Object detection,

and Severity level estimation to present a warning system in crisis emergencies for

detecting people and vehicles in danger. For emergency classification, the authors

used fine-tune the pre-trained parameters of the VGG — 16 on Places365 datasets.
The study was limited to the Common Objects in Context (COCO) dataset, which is

not specific to the disaster events.

Table 1 presented the existing work on the deep learning neural network for disas-

ter information classification, especially from the social media platform. Table 2 pre-

sents a detailed analysis of related work in disaster management using social media
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data. The previous literature is mainly focusing on the problem of image classification
as a disaster or non-disaster type. However, the images can provide more detailed
information about the objects, people, and the context in emergencies.

Evaluation studies on images data

Alam et al. [13] evaluated Image4Act that provides end-to-end social media image
processing. The authors designed different experiments of relevancy filtering, de-
duplication filtering, and damage assessment to assess the performance of image fil-
tering and damage assessment modules. The relevancy filter results in performance
achieved 0.99 precision and 0.97 recall. The de-duplication filter removes 58%, 50%,
and 30% proportion of images from severe, mild, and non-categories, respectively.
Therefore, the image filtering pipeline reduces the size of raw data images by 62%, and
the remaining dataset was used for further analysis. The damage assessment experi-
ments scored maximum precision and recall of 0.74 and 0.68, respectively. Nguyen
et al. [23] have performed the performance evaluation of the proposed social media
image processing pipeline consisting of relevancy and de-duplication modules. A pre-
trained VGG-16 network was initialized using the custom dataset. The evaluation
results show 0.98, 0.99, and 0.97 training accuracies, precision, and recall, respec-
tively. The previous studies showed higher accuracy results of disaster type classifica-
tion. However, the evaluation studies are mainly focused on image classifications but
limited in object detection for emergency response information.

Datasets development
Alam et al. [13] have developed many datasets (text and images) related to natural
disasters, including earthquakes, hurricanes, wildfires, and floods, using crowdsource
Twitter data. The authors have sampled 18,126 images from the tweets and manually
annotated the sampled data according to informative and non-informative categories,
critical and actionable information, and damage severity levels using the services of
the CrowdFlower platform. The authors found out that tweet images contained more
damage-related information than their corresponding text. Barz et al. [26, 29] have
developed the dataset of flood images using two data sources Flickr and Wikimedia
Commons, to implement the image pipeline using deep neural networks. The final
dataset contained 3,435 flood-related images and 275 water pollution-related images.
Table 3 presents the analysis of previous work in developing disaster image data-
sets. Mainly, images were collected from social media and internet sites and anno-
tated according to disaster types. Currently, the limited image datasets are available in
the domain of disaster emergency response. The availability of more annotated data-
sets in different formats (such as CNN classification and object detection) and various
disaster-related information (such as disaster types, tasks, events, and context, etc.)
can benefit researchers’ community in developing their models and performing the
experiments. In this regard, one part of our study proposed a method of image data-
set development for disaster emergency response. Furthermore, we have applied the
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Table 3 The related work on disaster dataset development

Reference Data source Process Domain
[26] Flicker100K dataset Collected the images Flood
Wikimedia Common Defined the 3 tasks for relevant images
Dataset size (3435 flood-related images ~ Assigned domain expert for images
and 275) annotation on defined tasks
Validated the quality of annotation
[25] Twitter The tweets with only images URL col- Earthquakes,
Dataset size (16,097 images) lected also more than one images Hurricane,
Discard all non-English language Wildfires,
tweets. Discarded single word and Floods

single hashtag

All duplicate tweets are removed

The authors have developed annota-
tion guidelines and,

provided them to well-known paid
platform CrowdFlower

The manual annotation of text and
images are attained separately

[9] Flickr API The Flickr API (flickr.photos.search) Fire
method is used to collect publicly
assessable photos within a time
period to avoid repetition in training
and test data

The images are stored with metadata
using MySQL database

The image which is retrieved by their
geo-spatial data using flickrphotos.
GetEXIF API method

[7] Tweets embedded Instagram images Searched 142,768 geo-located tweets ~ Hurricane Sandy
11,964 Instagram images sample embedded Instagram photos
The images were then manually coded
to study separate disaster-related
motif categories (ad, animals, dam-
age, drink, food, gear, macro, other,
outside, people, and relief). The
images may fit multiple codes

proposed approach in developing our disaster-related image dataset for proof of the

concept.

Disaster classification

The international disaster database EM-DAT ! provides a comprehensive classification
scheme of disasters by dividing them into multiple levels. The top level of the classifica-
tion consists of natural and technological disasters. And the bottom levels are divided
into disaster types such as earthquakes or floods and their further sub-types. This clas-
sification is a valuable source of information for the scientific community’s research.
Olteanu et al. [27] identified the multiple crisis dimensions (such as affected individu-
als, infrastructure & utilities, donations & volunteer, caution & advice, and sympathy &
emotions) from social media text by analyzing the previous literature. CrisisMMD [13,
25] is a multimodal (text and image) dataset consisting of seven natural disaster types,
humanitarian categories (such as affected individuals, infrastructure and utility dam-

age, injured or dead people, missing or found people, rescue, volunteering or donation

! https://www.emdat.be/index.php.
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Fig. 1 Main steps of the proposed methodology

effort, vehicle damage, other relevant information, not relevant or can’t judge), and dam-
age severity levels. In [26] dataset was annotated on flooded areas images (flooded and
dry), inundation depth estimation, and water pollution categories. In [28], the authors
have developed “empathi’, the ontology about emergency planning and management
during the crisis that contains 423 classes and 338 relations. The most prominent super-
classes included hazard type, hazard phases, impact, facility, data modality, place, report,
service, status, and surveillance information. Zahra et al. [29] investigated the Twitter
data to investigate an eyewitness of disasters and emergencies. They found that direct
witnesses have reported the damage level, the impact on social activities, the intensity
of the crisis, etc., while indirect witnesses posted prayers, emotions, and thoughts. In
this study, we used the information from the previous studies related to disaster data
hierarchies, classification, and ontology to develop our disaster taxonomy of emergency
response.

The previous literature review on crisis management using social media data helped to
understand the contributions and limitations simultaneously. The strengths of previous
studies include disaster image dataset development, the disaster image classifications
using different machines learning the deep learning neural networks and evaluating pro-
posed models. The previous studies mainly contributed to building social media disas-
ter datasets suitable for CNN classification models to classify disaster types such as fire,
earthquake, flood, hurricanes, etc. The model evaluation studies reported good accu-
racy in identifying different disaster types using CNN algorithms. However, the previ-
ous work is limited in such studies that deal with identifying context, activity, and any
related artifact in disaster images. Since disaster-related object detection from social
media images can help to find further details of a situation (such as any affected human,
endanger animal-plant, food, and supplies needs, etc.); consequently, it will be more use-
ful for rescuers or humanitarian organizations.

The proposed methodology for automating the emergency response process

The comprehensive literature review unveils that there is significant potential towards
developing a real-time solution that can seamlessly bring together relevant information
to support crisis-related activities amongst the relevant stakeholders. More specifically,
we noticed a gap in automatic information processing and delivery to concerned author-
ities to support rapid response. Motivated by the limitation in the existing studies and
recent advancements in neural network architectures for image processing, we proposed
an end-to-end methodology to automate the disaster response process. Figure 1 repre-
sents the main steps of the proposed methodology to automate the disaster detection

and response process.

Page 9 of 28
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At first, we developed a taxonomy of disaster emergency response aiming to classify
the social media images of disaster based on their labels. Then we built the disaster’s
image dataset that is labeled according to the proposed taxonomy. Then we proceed to
implement CNN-based classification and object detection, models. In developing these
models, we first built the CNN-based classification model using the opensource data-
set to classify incoming images into the disaster or non-disaster types. Then we trained
the CNN-based object detection model for detecting disaster-related labels by utilizing
the self-built dataset to identify disaster-related tags from the images previously clas-
sified under the disaster category. Finally, we developed an information fusion module
that combines the two-level labeled images and maps them to a specific response cat-
egory inferred by the taxonomy. The following sections provide the technical detail of
each step of the proposed methodology we have investigated in the context of the image-
based emergency response process.

The disaster taxonomy

Knowledge of disaster classification is essential to identify major categories of disas-
ter events and appropriate responses. Many existing studies focus on deriving contex-
tual information from a single case of a disaster or crisis based on a specific event (see
“Disaster classification” Section). Unfortunately, little attention has been paid to how
we broadly classify and respond to any disaster event. We identified the leading crisis
dimensions by initially performing the cross-sectional literature analysis to develop an
extended scheme for disaster classes in terms of disaster types and relevant responses.
The extended set is then validated by conducting the initial pilot testing utilizing the
card sorting [16] technique.

The analysis of previous literature has shown various classification schemes to derive
contextual information from disaster-related data—however, each study focuses on
a specific event covering a few disaster categories. For example, [7-9, 25, 26] focus on
identifying images relevant to a particular type of disaster such as fire, flood, hurricane,
etc. Similarly, others focus on a piece of specific information need such as severity levels
of damage [7, 25, 26], rescue, volunteering, or donation, caution, warning, advice [27],
food and basic need supplies, affected individuals (people) [7, 27], and affect on social
activities [28]. Motivated by the above studies, we initially prepared six broad catego-
ries at the first level and relevant sub-categories at the second level of the classification
scheme. The initial categories and sub-categories are then extended by using the card
sorting activity. Card sorting is a prevalent method of information structuring in the
field of human—computer interaction. Fifteen experts took part in the ‘closed card-sort-
ing activity. The objectives of the card-sorting activity were to validate the completeness
of the classification hierarchy, the correctness and completeness of labels, and the cor-
rectness of information structure. The activity was designed and conducted by using the
following steps:

1. The titles of categories and sub-categories were used to develop a Google form to
showcase the classification hierarchy.
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Table 4 The proposed disaster taxonomy
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Categories

Labels

Proposed labels

Damage related information

Rescue, volunteering, and/or dona-
tion

Food and basic need supplies

Affected individuals (people)

Caution, warning, advice

Affect on social activities

Accident

House damage

Car damage and accident
Property damage
Aeroplan crash

Any vehicle damages
Missiles or bomb damage
Isolated area damages

Hospital

Ambulance

First aid

Fire-brigade
Emergency evacuation
NGOs

Money and supplies donation
Help requests

Relief team or person
Other resources
Medical emergency
Relief campaign

Land Animals

Plants

Sea Animals

Food supplies

Basic needs supplies
Medical supplies
Water shortage

Fatality

Death or causalities
Missing goods

Missing people
Homeless people

Other people or a person

Caution

Advice

Warning

Government plan or directive
Instructions

Safety

Preparedness

Prediction or forecasting

Closed business including shops

Closed worship centers

Closed transportations

Closed Institutions (private and
public)

Lockdown

Car accidents, housebroken or
damage, general vehicle accidents,
airplane accidents and damages,
bomb explosions

Hospital staff ward, ambulance, first
aid team, laying people or col-
lapsed people, fire-brigade, coffin,
emergency evacuation people in
lines, help banners, animals, plants,
aqua animals, medical equipment

Empty food shelves in hypermarkets

Dry water reservoirs, canals, and
rivers

Empty gallons and people waiting

Crying people, running people,
people or person, children

Caution signboard

Empty places such as roads, parks,
markets

2. Participants were provided with three images as a pre-session activity and requested

to choose the best-suited first and second-level labels for each image from the given

scheme.

3. During the activity, a batch of images was presented to the participants to answer

whether each image belongs to a specific category or not and choose appropriate

labels from the list of suggested labels for that category. Participants could also sug-

gest the new categories and labels for the particular image if it does not belong to

pre-defined classes.
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Fig. 2 Main steps of disaster dataset development

4. Atthe end of the activity, the participants provided their suggestions and commented
on information structure and classification scheme.

Card sorting results were then used to consolidate the taxonomy content and its
information structure, as shown in Table 4. We created a fine-grained taxonomy
covering six high-level categories such as general type of damage and others’ (see
Table 4). Human experts then annotated the specific information in each high-level
category, which requires human attention, such as car accidents, etc. shown in the
second column of Table 4. We then manually pruned the second-level extensive cat-
egories by combining similar categories or discarding categories that were hard to

visually identify from images, shown in the third column as proposed labels.

Disaster dataset development

This section presents the disaster dataset collected to train the CNN-based models to
detect disaster types and objects automatically. The image dataset is developed in several
stages to ensure an adequate number of images and categories to cover a broad range of
disasters.

For high-level disaster classification, we selected CrisisMMD [13, 25] dataset. The
dataset consists of 18,126 images collected on seven major natural disasters, including
earthquakes, hurricanes, wildfires, and floods. The dataset is annotated on eight human-
itarian categories, including affected individuals, infrastructure and utility damage,
injured or dead people, missing or found people, rescue, volunteering or donation effort,
vehicle damage, and other relevant information. Several studies have used the dataset
to train and test several crisis-related CNN-based models [10, 24, 25]. In this study, we
have selected the subset of CrisisMMD consisting of 1572 images of three major disas-
ters, i.e., earthquake, hurricane, and typhoon to train the classification model.

For the disaster-related object detection purpose, we developed a customized dataset
using Google Open Images Dataset (OID) and downloading images from open-source

% https://storage.googleapis.com/openimages/web/index.html.
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Table 5 Disaster’s labels distributions on custom and COCO datasets

Internet-download images’ labels Open Images Labels COCO labels
Accident Ambulance Person
Casualty Animal Dog

Crying Helicopter Plant

Coffin Bowl Bottle
Damage Band-aid Fire hydrant
House damage Ladder

Car damage and accident Medical equipment

Property damage

Aeroplan crash

Any vehicle damages
Emergency evacuation

Fire brigade

First aid

Lost and found

Missing people

Personal protective equipment
Rescue team

Internet-based resources for disaster-related object detection. Figure 2 shows the steps
used in the dataset development. At first, we utilized OID, which contains bounded
boxed images with 6000 object classes, including people, animals, ambulance, airplane,
plant, building, etc. Then we used OIDv4_ToolKit [30] to download and filter images
containing disaster-related objects from OID. We used 7 classes from the OID consist-
ing of 1220 unique images. We also used a few disaster-related labeled images from the
coco dataset (see Table 5).

The disaster-related object classes not found in the OID were manually collected and
labeled in the next step. We downloaded images from open-source resources, such as
Flickr, Google, and other social media platforms, using disaster-related keywords (car
accidents, broken houses, rescue team, etc.) specified in the proposed disaster taxon-
omy. We then performed data pre-processing techniques for duplicates removal and
image resizing. For object labeling, we used the opensource tool Labellmg,® which allows
drawing a bounding box around the object in an image. Object annotation was done
using the proposed labeling scheme described in the disaster taxonomy. The bounded
box labeled images were then evaluated for compliance with the labeling scheme. Images
with bounded-box object labels were stored in the dataset if the labels confirm the pro-
posed labeling scheme; otherwise, either a label was inspected again and improved,
or the image was discarded. As a result, 3787 unique images with 19 disaster-related
object classes were stored in the disaster dataset. Table 5 represents the distribution of
all disaster-related object labels used to annotate the disaster dataset. While annotat-
ing the dataset, the internet download images were further inspected for more general
class labels on the disaster category such as house damage, property damage, and vehicle
damage maps to damage class. Similarly, Aeroplan crash is annotated with the label acci-
dent. The consolidated dataset annotated with the proposed labels is made available on
GitHub* for the fellow research community and for further research and development.

3 https://github.com/tzutalin/labelImg.
* https://github.com/amnaasifkhan/RDO-DIsaster-Images-.git.
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CNN-based models’ development for disaster classification and object detection

This module consists of deep learning-based models’ development for disaster clas-
sification and object detection. Previous studies [10, 24, 25] already contributed well
to disaster classification; therefore, our focus in this work is a further extension of
previous work to objects detection from disaster and identifying specific knowledge
in the context of the emergency response, sorting and assigning it to a particular
category of crisis. The labeled image datasets are used to train two types of CNN-
based algorithms in a single architecture: First, we used VGG-16 as a backbone to
classify images to correct disaster types. We then used YOLO to detect disaster-
related objects for emergency response. In the following section detail of each model
is discussed.

The model VGGNET was initially proposed by Simonyan and Zisserman [31], with
3 x 3 convolution layers. Later the depth of the model was expanded to 16-9 layers.
We fine-tuned the VGG-16 network for high-level disaster classification due to its
better performance on disaster classification [25]. The VGG-16 consists of an input
layer followed by pair of 2 x 2 and 3 x 3 convolutional layers with max pool layers
on top of each pair. In this paper, the VGG-16 is fine-tuned by replacing the last
softmax layer with three classes (i.e., selected disaster types) instead of the original
1,000-class classification. We used transfer learning to train the model because of
the small disaster dataset compared to traditional CNN-based image classification
models [32, 33].

You only look once (YOLO) [34] is a state-of-the-art, real-time object detection
system. This network divides the whole image into regions to predict bounding
boxes and probabilities for each region. Unlike, Region-based convolutional neural
network (R-CNN [35] and Faster R-CNN [36]), which identify high scoring regions
of interest and then perform prediction multiple time for the various region in an
image using CNN-networks for inference, YOLO predicts multiple bounding boxes
and class probabilities for these boxes in a full image in one run. YOLO is imple-
mented based on Darknet [37], a highly accurate and fast open-source framework
for real-time object detection. YOLO comes with different versions with incremen-
tal improvement in previous versions; YOLOv3 and YOLOv4 are widely used in
object detection due to their simpler architecture and high accuracy.

YOLOv3 [38] is an end-to-end object detection algorithm implemented in Dark-
net-53 evolved from YOLOV2 [39]. YOLOv3 runs faster than R-CNN due to its sim-
ple architecture. YOLOv3 has one CNN backbone with three object detection layers
called heads. It takes full images, divided them into S x S size grid cells. Each cell
predicts B bounding boxes along with probabilities and C class probabilities for each
object [40]. It also draws on Residual Network (ResNet) [41] with five residual blocks
with batch normalization and skips connection concepts. Compared to ResNet and
YOLOV2, the YOLOv3 has remarkable performance in terms of detection accuracy,
bounding box localization, and detection speed.

The YOLOv4 [42] has CSPDarknet-53 backbone and is designed for large-scale
datasets. It combines features from other studies such as CSP [43] connections, SPP
(spatial pyramid pooling layer) [44], and PAN (Path Aggregation Network) [34] in its
backbone, which has enhanced its performance with the low computational cost of
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Fig. 3 Information fusion for images categorization on the proposed taxonomy

inference. The features added in YOLOWV4 architecture in both backbone and detec-
tor modules are Bag of freebies (Bof) and Bag of specials (BoS). In the BoS part, SPP
is tightly coupled with the backbone in the Bof part to improve field sizes of detec-
tion layer feature maps. Bof comes from data augmentation techniques.

In the context of this study, we used both YOLOv3 and YOLOV4 for object detec-
tion. The size of the disaster dataset was 3787 images with 19 object classes, which
is not too large to use YOLOvV4; however, we used both versions to observe a signifi-
cant difference in detection accuracy and speed.

Information fusion module

The object detection systems (YOLO) used in the previous step predicts labels from
the disaster image dataset. To classify each image into an appropriate response cat-
egory, we need to identify the relevant category of an image according to the labeling
scheme (see "The disaster taxonomy" Section). We adopted the information fusion
approach to address this problem, motivated by the representative goal-seeking tech-
niques of ‘decision tables’ and AHP [45]. The information fusion module receives the
predicted labels and the labeling scheme as input and calculates each category’s local
and global weight by following AHP to establish the relevant category of each image
based on the predicted labels.

In this process, predicted labels and disaster taxonomy are fed into the information
fusion module. If an inferred label matches with a pre-defined label of any taxonomy
category, the input image would be sorted in that category. The process of informa-
tion fusion is shown in Fig. 3 and explained below.

From the figure, it can be observed that the given image has three unique predicted
labels: person (6 times), rescue team (1 time), first aid (1 time). These labels match the
two categories of response taxonomy, i.e., Rescue, volunteering, or donation (C2), and
Affected individuals (C4;).

To establish the right category for the given image, we first calculated the global and
local weights of each category and then integrated the calculated weights to identify
the final category of an input image. The global weight is the ratio of unique labels in



Asif et al. J Big Data (2021) 8:83 Page 16 of 28

a category to the total number of unique labels for an image with values in the range
of 0—1, as follow:

Zj:l:m (Lf € CL)
X

Ci—16 (Wt (global)) = (1)
where Lj is a unique label in a category Ci and X is the number of unique labels in an
image. For instance, if C2 has two unique labels and the entire image has three unique
labels, the global weight for this category is C2=(2/3=0.67). Based on Eq. 1, the global
weight of six categories in the disaster taxonomy is calculated as follow:

c(wt (global)) = [Ci.1.6(Wt(global))] (2)

The global weights array for each category from the input image in Fig. 3 is calcu-
lated as follow:

c(wt(global)) = [C1(0), C2(0.67), C5(0), C4(0.33), C5(0), Cg(0)]

To overcome the influence of the same label appearing multiple time in a category,
we calculated local weight for each category by considering the ratio of the total num-
ber of times (frequency) label in a specific category to the maximum frequency of all
the labels in that category, as follow:

L Ci
ci=1:6(wt(local)) = Zj:l'm maxl(({')(fe) €C) Y
: j L

j=1m

where L; (f ) is the frequency of unique label in a category C;. For instance, in Fig. 3, C2
consists of two labels(‘rescue’ and ‘first aid’ with the frequency of 1 each), and C4 com-
prised of one label ( ‘person’ with the frequency of 6). The local weight of these two cat-
egories are calculated according to Eq. 3 as follow:

1 1
C2(wt(local)) = Z |:Lrescue (max(l,1)> » Lirstaid <max(1,l))} =2

Ca(wt(local)) = {LP“S"“ <rrm)6((6)>] -

The generalized form of local weight of all categories is calculated as follow:
c(wt(local)) = [Ci1.6(wt(local))] (4)

The local weight array of all categories in Fig. 3 is calculated according to Eq. 4 as
follow:

C(wt(local)) = [C1(0), C2(2), C3(0), C4(1), C5(0), C6(0)]

The final category of disaster taxonomy of the input image will be calculated by
integrating the weight of both groups, as follow.
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Table 6 Detailed procedure of information fusion process

Input: Categories. Labels[][]
IMGLabels
Output: Final disaster category

1: Initialize 2d Matrix Categories.Labels[][]

2:IMGLabels =Image.labels

3. FOR all Labels in Categories.Labels[Rows][Columns] DO

4:  FORall Labels in IMGLabels DO

5. IF current_label in IMGlabels € Categories.Labels[current_Row]
6: Matrix_frequency[current_Row].append(SUM(current_label in IMGLabels))
7: X=count_of_unique_labels in IMGLabels

8: FOR Rows in Matrix_frequency[]1DO

9:  Categories(wt(global)[Current_Row] =Cj—1.s (wt(global )

10: FOR Rows in Matrix_frequency[l[] DO

11 FOR Columns in Matrix_frequency(l] DO

12:  Categories(wt(local)) [Current_Row] = (Cj—1.¢(wt(local)))

13: FOR i=0 to (Number of Rows in Matrix_frequency-1) DO

14:  Productli] = (Categories(wt(global))[i]* Categories (wt(local)[i])
15: Disaster_category =max(Product[])

16: IF Index(Categories.Labels) = = Index(Disaster_category)

17: Output(Category_Name)
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Affected individuals (people)

Caution, warning, advice

Fig. 4 The disaster image processing pipeline

Disaster_Category = max (c (wt (global) ) * c(wt (local))) (5)

According to Eq. 5, the final disaster category of the input image is calculated as
follow:

Disastercategory = max([0, 0.67,0,0.33,0, 0] * [0, 2,0, 1,0, 0])

In the case of multiple maximum values, the input image would be classified into mul-
tiple categories in the emergency response taxonomy. If none of the labels of an input
image matches the pre-defined labels, the image would not be categories under any of
the disaster response categories but would be treated as a disaster image. Table 6 repre-
sents the detail of the information fusion process.
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Table 7 VGG-16 model accuracy, loss, precision, and recall

VGG-16 fine-tuned Accuracy Loss Precision Recall

Training 094216 0.27865 0.88229 091667
Validation 0.76786 0.6411 0.70261 0.72549
Testing 0.83674 051116 0.80392 0.82026

Concept validation through the image processing pipeline

The proposed methodology is validated by developing an end-to-end image process-
ing pipeline consists of image classification, object detection, and information fusion, as
shown in Fig. 4. At first, we used the opensource dataset, CrisisMMD [13], for validating
the image classification module. We have selected images related to the earthquake, hur-
ricane, and typhoon, including rescue, people, buildings, vehicles, etc. First, the disaster
type classification, the module processes the input image using the fine-tuned VGG-
16 weights to identify the type of disaster from the input photo content. If the image is
irrelevant to disaster type; then, it is discarded. Once the input image is identified as a
relevant image, it is stored in intermediate storage. Later, the input image is transferred
to the object detection module trained on YOLO to recognize the image’s labels. In this
module, the objects/labels present in the picture are extracted and stored in temporary
storage. The collection of labels associated with each image are sent to the fusion model.
The fusion algorithm is implemented to collect labels and the distinct categories in the
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Fig. 6 YOLOv3 and YOLOV4 training loss on 7000 iterations

disaster taxonomy to classify input images to their relevant response category. In the fol-

lowing section, the results of the image processing pipeline are discussed.

Experimental results

In the first phase of the image processing pipeline, the image is classified into different
disaster types. To train VGG-16, we used transfer learning by using the ‘ImageNet’ [46]
weights. We selected three different types of disasters from the CrisisMMD dataset,
i.e., earthquake, hurricane, and typhoon. The selected open-source images dataset was
divided into 60% training, 20% validation, and 20% testing. The model is fine-tuned on
the batch size of 32 and 50 epochs.

Figure 5 shows accuracy, loss, precision, and recall on training, validation, and test-
ing data. An average accuracy, loss, precision, and recall for the model on training, val-
idation, and testing datasets are presented in Table 7. The results showed that testing
accuracy of 0.83 is comparable with the previous contributors of CrisisMMD [25], which
reported average testing accuracy of 0.72. Furthermore, VGG-16 trained on a subset of
the CrisisMMD dataset showed a test precision of 0.88 and a recall of 0.92, which is
higher than the previous contribution of 0.76 and 0.65 precision and recall.

For object detection, we used both versions of YOLO. We first transformed the labeled
disaster images into YOLO format and input parameter of Darknet® of recommended
size of 416 x 416 pixels for training the networks. We run the training session for both
YOLOvV3 and YOLOv4 up to 7000 iterations with a batch size of 64 by considering the
memory limitation of the GPU. We used pre-trained weights “darknet53.conv.74”° for
YOLOV3 and “YOLOv4.conv.137”” weights for YOLOv4. Other parameters such as
momentum, initial learning rate, weight decay regularization are the same as in the orig-

inal versions of both models.

® https://github.com/pjreddie/darknet.git.
® https://pjreddie.com/darknet/yolo/.
7 https://github.com/AlexeyAB/darknet/releases/download/darknet_yolo_v3_optimal/YOLOv4.conv.137.
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Table 8 AP of YOLOv4 and YOLOV3 on the custom dataset

Class YOLOv3 (AP) (%) YOLOV4 (AP) (%)
Accident 48.02 95.49
Casualty 48.57 40.00
Crying 25.00 100.00
Coffin 20.00 100.00
Damage 4549 95.14
Emergency evacuation 3245 95.59
Fire brigade 59.29 100.00
First aid 55.89 95.69
Lost and Found 32.16 65.18
Mourning people 28.00 5394
Personal protective equipment 14.02 96.47
Rescue team 43.87 96.47
Ambulance 54.99 98.85
Animal 30.61 93.75
Band-aid 4.00 60.89
Food supply 1.11 50.03
Helicopter 2523 7162
Ladder 41.84 81.56
Medical equipment 15.06 2644

Table 9 Comparison of YOLOv4 and YOLOv3 classification results on emergency response
taxonomy on combined custom and COCO dataset

Disaster categories No. of images classified on disaster taxonomy
YOLOv4 YOLOv3
Damage related information 39 407
Rescue, volunteering, or donation 78 584
Food and basic need supplies 4 7
Affected individuals (people) 812 687
Caution, warning, advice 2 1
Affect on social activities 0 0

Figure 6 reports the training loss while training on the YOLOv3 and YOLOV4 algo-
rithms. We have not observed any significant difference in average loss among the train-
ing of both models. The reason might be the size of the dataset, which is not reasonably
large to observe the performance difference of YOLOVA4.

We measured the performance of the object detection model using AP (average preci-
sion) [47], which is a popular method of measuring object detectors’ accuracy, and we
report the mean overall categories mAP (mean average precision) for object classes.
We used IoU (Intersection over Union) to measure the overlap of the predicted bound-
ary over the ground truth boundary. Table 8 presents the AP of YOLOv3 and YOLOv4
on 10% of the dataset’s total size. The IoU on 50% threshold performance of YOLOv3
was 32.93% and YOLOv4 was 78.98%. Note that for nearly all incidents classes, AP of
YOLOWV4 is much higher than YOLOV3.
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Disaster categories

No. of images classified on disaster taxonomy

YOLOv4 YOLOv3
Damage related information 38 500
Rescue, volunteering, or donation 46 690
Food and basic need supplies 5
Affected individuals (people) 11
Caution, warning, advice 0
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Table 11 Classification of test dataset on the taxonomy of emergency response using YOLOv4

Disaster categories No. of images

Earthquake Hurricane Typhoon
Damage related information 9 0 0
Rescue, volunteering, and/or donation 22 5 5
Food and basic need supplies 1 0 2
Affected individuals (people) 160 21 53
Caution, warning, advice 0 0 0

We tested the pipeline using the 917 images using a subset of the earthquake disaster
type from the Ecuador Earthquake (2016) from CrisisMMD. The evaluation is performed
on the dataset with two alternatives: (1) YOLOv3 and YOLOV4 trained on custom data-
set+ COCO dataset, (2) YOLOv3 and YOLOV4 trained only on the custom dataset. The
results showed that the YOLOV4 categorized 876 pictures, and YOLOv3 categorized 907
images in different disaster categories. In general, YOLOv3 detected more labels than
YOLOV4. An expert manually evaluated the detected labels by YOLOv3 and YOLOv4
and found that YOLOv4 detected more accurate labels than YOLOv3. Although the
quantity of the labels detected by the YOLOv3 is much higher, the quality of the YOLOv4
in terms of the proposed disaster taxonomy was higher. The results presented in Table 9
of the image classification on disaster taxonomy using custom and COCO datasets are
significantly different on both YOLOv3 and YOLOV4 algorithms. The manual evaluation
of the image classification on disaster taxonomy done by the expert discovered that the
images are classified more accurately based on YOLOv4 detection than YOLOV3.

Similarly, Table 10 presents the custom dataset results that show YOLOv4 classified
fewer images than YOLOv3. While comparing the accuracy of the classification results
on the disaster categories with the human-labeled dataset, we found that YOLOv3
correctly classifies 85% of images, and YOLOv4 accurately categorizes 96% of images.
Again, YOLOv4 showed higher accuracy than YOLOv3. The results show that high-
quality training data can automatically filter and map millions of social media images to
the right disaster category using YOLOVA4.

YOLOV4 showed higher detection accuracy, as shown in Fig. 7. From the figure, it can
be observed that YOLOvV4 detected more specific labels closed to the proposed annota-
tion scheme. For example, the first image was annotated with the labels of ‘rescue team’
and ‘damage’; the YOLOvV4 detected it accurately as ‘rescue team’ whereas YOLOv3
detected it as ‘Accident’ that is not the actual label of this image.

Based on the higher quality of results, we selected YOLOv4 for further analysis.
Although, there is a trade-off in terms of computational requirements since YOLOv4
required more resources than YOLOv3. However, considering the accuracy and criti-
cality of information need for efficient emergency response, it is worth investing in
computational resources. For the proof of concept, we selected a 20% test dataset of the
earthquake, hurricane, and typhoon from CrisisMMD to evaluate how well YOLOv4
maps these disaster-related images on the proposed emergency response taxonomy.
Table 11 presents the results on the number of images correctly classified on the given

disaster categories.
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Discussion and conclusion

The power of social media content and crowdsourcing in disaster response has been
proven to be extremely effective. However, most previous research tried to utilize text
analysis techniques and manual interpretation of social media postings. Automated
processing of feature-rich multimedia content is inevitable to fully utilize the benefit of
user-generated content in a timely emergency response. In this paper, we proposed a
methodology that harnesses cues from information-rich social media images seamlessly.
Our work is unique from other research, as, firstly, it uses a comprehensive taxonomy
of disaster emergency response utilizing visual contents. Secondly, the disaster-related
features (contexts and cues) detected from the images through deep-learning neural net-
work algorithms are automatically mapped to the disaster taxonomy using goal-seeking
techniques of ‘decision tables’ and AHP. We proposed an image processing pipeline to
automatically sort disaster-related social media images on the emergency response tax-
onomy. The pipeline consists of image preprocessing, image classification, and object
detection using CNN algorithms, and finally, an information fusion to map the input
image to a suitable category of disaster taxonomy of emergency response.

In this paper, we described each module of the social media image processing pipeline.
We also validated the effectiveness of the proposed pipeline through a summative evalu-
ation approach. Our results confirm that the image processing pipeline automatically
classifies social media images posted by users according to the taxonomy of emergency
response with an accuracy of 96%. Due to the CNN-based training algorithm used with
the pipeline, the classification accuracy may be further augmented through incremental
training with the help of the newly classified images (subject to some manual validation).

The emergency response taxonomy consists of various disaster categories that may
help stakeholders be informed in any crisis. This may benefit the users of the infor-
mation in many ways. First, the millions of images posted on social media or internet
platforms can be sorted automatically and more efficiently in a short period of time,
avoiding spending days of manual labor work. Secondly, in disasters, the efficient dis-
covery of information can make a massive difference in rescue efforts and significantly
improve emergency response efforts if useful information reaches a relevant authority
promptly. Social media is the fastest channel to connect with the affected individuals.
If the information is available in the form of posted photos, it can help the authorities
understand the situations better to prepare for the appropriate emergency response
operations accordingly.

In-depth information related to disaster events is required to develop the disaster tax-
onomy of emergency response. In this paper, we have contributed to the body of knowl-
edge in the direction of using social media images for emergency response by a mixture
of different scientific approaches of literature review and card-sorting. As a result, we
have proposed the visual disaster taxonomy of emergency response. Previously, Olte-
anu et al. [27] have investigated information types in crisis from social media’s textual
information. Barz et al. [26] investigated the types of flood-related information from the
visual data. Gaur et al. [28] proposed the ontology related to emergency management
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and planning in general. Though, previous contributions are helpful to provide essen-
tial disaster information of our proposed visual disaster taxonomy. Our work stands out
from previous research as we proposed the first comprehensive visual disaster taxonomy
of emergency response that provides clear visual criteria of emergency cues in many
catastrophes. The proposed taxonomy will automatically connect a victim to concerned
authorities in an efficient manner. This is a task that is otherwise cumbersome to be car-
ried out manually.

The proposed taxonomy of disaster response is used as a source of labels for anno-
tating our custom images dataset® as shown in Table 5. The dataset was developed by
drawing the bounding box around the objects in images, which may help convey some
meaningful message related to accidents, damage, rescue, first-aid, volunteering, food
and supplies, affected people and social activities, casualty and death, etc., in a mas-
sive emergency. Such messages may help the stakeholders in information seeking and
decision making for efficient emergency response. In the previous studies [20, 48], the
authors proposed detecting objects such as vehicles and people from the photos related
to fire events to estimate emergency severity; however, their contributions are limited
to detecting general objects using the COCO dataset. On the contrary, we focused on
supporting EDM by exploring the information contained in the images of disaster to find
specific knowledge in the context of the emergency response, sorting and assigning it to
a particular category of crisis. That may help emergency response in all phases of crisis
management.

The image processing pipeline classifies the disaster type (currently earthquake, hur-
ricane, and typhoon) and recognizes the emergency status from the images, e.g., rescue
need or work, affected people, or accident damage. The image processing pipeline can
be integrated with any social media platform for real-time disaster images collection.
Also, it can be easily integrated with any disaster management system, such as Ushahidi
[49]. We apply fine-tuned VGG-16 CNN to train the disaster type classification, as it
was investigated in [9]; however, our model resulted in improved testing performance.
Since the previous studies already contributed well to disaster classification, therefore
it is not our paper’s primary focus, but our work is a further extension of previous work
to objects detection from disaster images. In the direction of disaster object detection
from images, we have perceived the IoU 32.93% and 78.98% on YOLOv3 and YOLOV4,
respectively, and AP scores on YOLOv4 higher than 90% in many classes. This means
that high-quality training data can automatically filter and map millions of social media
images to the right disaster category using object detection algorithms like YOLOv4.
The trained model helps identify the disaster context and elements from the social
media posted videos due to its detection performance in terms of speed. Previously,
many studies [8-10, 25, 26] applied machine learning and CNN algorithms to classify
the social media images according to various disaster types and severity of damages. Our
image processing pipeline is distinctive in terms of information fusion using decision
support techniques of ‘decision tables’ and AHP on the data acquired by CNN classifica-
tion and detection models to tell the narrative of the disaster situation to the concerned

8 https://github.com/amnaasifkhan/RDO-DIsaster-Images-.git.
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stakeholders. The application of the AHP allows avoiding inaccurate mapping to images
to disaster taxonomy by normalizing the values of repeated objects labels and prioritiz-
ing more distinct labels of the images. The results are validated by the human expert
as reported in “Experimental results” Section. Consequently, it allows the acquisition of
efficient and reliable disaster information from social media crowdsource images.

Our evaluation setup tested various crisis scenarios consisting of the earthquake, hur-
ricane, and typhoon. The main aim was to test the generality of our proposed taxonomy
of emergency responses for multiple types of disasters. The results in Tables 10 and 11
show that the taxonomy of emergency responses from images is suitable for similar nat-
ural disasters in dense and semi-populated areas to understand the current situation in
the context of crisis. These results provide a significant milestone in automating disaster
management systems on image data, consequently improving government performance,
as such contribution is missing in the previous studies.

The current study is limited in terms of available computational resources, as the avail-
ability of high-performance GPU machines may help improve detection performance.
The image mapping results are manually validated by a human expert, which was possi-
ble with the given amount of data. However, the manual validations can be cumbersome
for big amount of datasets in the future. Therefore, we are planning to enhance our eval-
uation strategy by improving the evaluation design. Another limitation is that the disas-
ter’s objects dataset is small and comprises a small number of images in each category.
Furthermore, we have achieved a good accuracy on the custom trained classes compared
to annotated data downloaded from the open image. In the future, we are planning to
enhance the dataset by increasing the classes and the number of images and make it an
opensource. Potential users of such datasets can benefit from using it for their disaster
management system.

We would like to highlight that the proposed pipeline can be easily extended or inte-
grated with other challenging features extracted from still images as well as video and
other multimedia information. The emerging trend in disaster response-related research
will eventually incorporate spatio-temporal features from heterogeneous sources. The
proposed pipeline can be integrated with additional information such as geolocation,
users’ characteristics, etc., to get more insight into the situation to help in EDM. The
proposed visual disaster taxonomy of emergency response is helpful to provide funda-
mental information in developing machine learning and deep learning algorithms of dis-
aster detection and classification. Furthermore, it can be used as criteria for social media
data analysis in the emergency response domain. We hope that these contributions will
motivate further research on detecting incidents in images, and also promote the devel-
opment of automatic tools that can be used by humanitarian organizations and emer-

gency response agencies.
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