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Abstract. Crowdsourcing allows us to employ collective human intel-
ligence and resources in completing tasks in a wide variety of domains,
such as mapping, translation, emergency response, and even fund rais-
ing. It first involves identification of a problem that can be solved using
crowdsourcing and then its decomposition into tasks that workers can
finish in a timely manner. Worker engagement analysis and data quality
analysis are done afterwards. Such analysis activities are not supported
by current platforms and are done in an ad-hoc fashion leading to dupli-
cate efforts. As a first step towards realizing such analysis mechanisms,
we propose a Data mOdel for crOwdsouRcing (DOOR), which is based
on a fuzzy Entity-Relationship model in order to capture the uncertainty
that is inherent in any crowdsourcing process. To illustrate its applica-
tion, we have chosen the problem of collection of data about incidents
for emergency response.
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1 Introduction

The collective power of the crowd is being utilized today in a wide variety of
applications, ranging from digitizing text [18], through image tagging [17], to
mapping the world [13]. A considerable amount of research has already been
done to review and categorize existing crowdsourcing systems and technolo-
gies [5,8]. All these systems require significant upfront investment into design-
ing tasks and dealing with technicalities related to tasks. In other words, the
infrastructures that support crowdsourcing are limited [2]. As a consequence,
although programming frameworks for crowdsourcing are coming up [1,10,14],
developers often end up spending a great deal of effort in dealing with opera-
tional aspects, rather than in designing the crowdsourcing tasks. Currently, the
common workflow for experimenters is that they design the experiment, run it,
collect the results, and finally analyze them. As a result, experimenters develop
a set of tools around a crowdsourcing platform, e.g. Amazon Mechanical Turk
[3], to ensure that experiments are successful. While this is fine for “one time”
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experiments, it is certainly not suitable for experiments that run on a continued
basis. Moreover, experimenters may want to conduct analysis while crowdsourc-
ing is being done. The reason for doing this is that if experimenters realize that
the data quality is low, they can increase the payment or change the description
of tasks. As a first step towards addressing the aforementioned challenges, we
propose a Data M odel for crOwdsouRcing (DOOR).

The proposed model is generic enough to be applied to different real-world
crowdsourcing tasks, particularly in the geospatial domain. One of these is
response to the occurrence of incidents, such as fires, traffic accidents, and crimes
in urban areas. Such incidents can happen suddenly, without much warning, and
do not leave much time to prepare and act. Our aim is to mitigate the impact of
such events by detecting them early and by informing the affected population on
time with relevant, actionable information. Crowdsourcing can assist in different
tasks, starting from collection of data about incidents, through delegating tasks
to volunteers, to receiving feedback. As the number of people equipped with
smartphones and wearable devices grow, citizens become increasingly capable of
capturing snapshots of their surroundings through the host of sensors embed-
ded in these devices. Thus, crowdsourcing assumes a progressively prominent
role in emergency response. In this paper, we describe the use of DOOR for the
collection of geotagged reports about incidents.

The remainder of this paper is organized as follows. Sections 2 and 3 describe
the workflow and the entities involved in crowdsourcing, respectively. Section 4
presents a brief discussion and concludes the paper.

2 Crowdsourcing Process

In crowdsourcing, we have two main parties: requesters and workers. A requester
has a problem and wants to solve it with the help of the crowd. An example
could be the image tagging problem, where a requester would like to have tags
for her images. These tags help build image search services. Due to the nature of
crowdsourcing, a problem needs to be divided into subtasks that can be finished
quickly, e.g., in less than a minute. Some problems (like image labeling) can
be divided easily. For others, this can be tricky, e.g., composing a poem. There
have been researches into automatically decomposing a problem using recursive
crowdsourcing [9], i.e., crowdsourcing the decomposition of a problem itself. This
line of research is orthogonal to our research. Here, we assume the problem
decomposition is already provided.

Once the problem is divided into subproblems, these subproblems are
assigned to multiple users to collect their contributions. These contributions
are then aggregated into a “result” for the original problem. The mechanism to
aggregate answers (contributions) from workers into the result is called a reward-
ing model. The most popular rewarding model is majority voting where answers
that receive the majority of votes are deemed correct and its corresponding
workers are rewarded financially or through other means.
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Fig. 1. The DOOR model

We also note that in crowdsourcing, it can be either requesters or workers
who initiate the crowdsourcing process. In our previous example, i.e. image tag-
ging, a requester is the active side. On the other hand, Volunteered Geographic
Information (VGI) [6] or user generated geospatial content, such as geotagged
tweets, is also a form of crowdsourced data which can be processed to produce
useful information (e.g., epidemic predictions). In these cases, the workers (who
tweet) are the active entities.

3 Crowdsourcing Data Model

In Fig. 1, we use an Entity-Relationship diagram to depict the DOOR model.
In this model, we have 5 main entities, namely Requester, Worker, Answer,
Result, and Problem. The Requester and Worker entities in the model represent
the task provider and the task worker in the crowdsourcing process, respectively,
while the Problem and the Result entities model the task and the end result,
respectively. The recursive nature of problems (or tasks) are captured in our
model as the relationship Includes between Problems themselves. They are dis-
tributed to Workers using distribution model which relies on statistics, such as
workers reputation and problem type. When a problem is presented to a worker,
she can choose an answer and possibly provide ancillary data, such as location,
photo, or any input generated by her mobile’s sensors. These contributions are
captured by the weak entity Answer. Since it is an important entity, we describe
its attributes in details as follows.
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– i(time)/time: time represents the instant a worker makes a contribution,
whereas i(time) is an interval defined as [time− ε, time + ε] where ε is appli-
cation dependent. This interval is used to specify in which period a worker’s
contribution is considered “relevant”. For example, when a worker indicates
that there is an traffic time at 8 am at a specific location, the interval could
be [8−0.5, 8+0.5] which means the traffic jam could have happened between
7:30 am and 8:30 am.

– b(location)/location: location represents the location of a worker when she
contributes, while b(location) represents a neighborhood around the location
(e.g., a circle or a polygon). Similar to the time interval, the contribution is
considered “relevant” within this neighborhood.

– p(data)/data: The data contributed by workers is inherently noisy, which is
why we need to model its uncertainty. p(data) is the probability of that data
being accepted. How this probability is calculated is application dependent.
For instance, we can employ the reputation of a worker as this probability.
One way to compute a worker’s reputation is to divide the number of her
correct contributions by the total number of contributions made by her.

Answers once collected from users can then be aggregated using a chosen reward-
ing model. Another important aspect in crowdsourcing is how to present a prob-
lem to a worker. This is modeled by the answer template attribute of the Problem
entity and by the relationship Displays with the Visualization Representation
entity. An answer template could be an HTML (HyperText Markup Language)
file which is used to generate a user interface for workers. Since workers can
take part in a crowdsourcing process using different devices, the answer tem-
plate needs to be adapted based on the visualization constraints. For example,
CSS (Cascading Style Sheets) can be used to display an HTML file properly on
different devices.

In the scope of collection of data for emergency response, crowdsourced inci-
dent reporting can help in the early detection of the incident occurrence and in
the reinforcement and validation of data collected through hardware infrastruc-
tures, like sensor networks. Moreover, updates from the field from citizens can
assist in maintaining constant situational awareness. For example, in the event of
a fire outbreak, people on the site can report on the extent of the fire perimeter
with pictures, video footages, estimates of the damage, and the number of occu-
pants in the affected area. This can improve the response time of the authorities,
reduce or help prioritize their workload, and increase citizen participation and
transparency in crisis response. It also allows the people themselves in staying
updated by receiving regular information about the incident from other members
of the community.

We now focus on a specific scenario of a fire in a building complex in an urban
area which is detected by the fire department through smoke alarms and calls to
the emergency services. The fire department sends out notifications to the people
to inform and advise them, and to ask the people at the scene for updates. Our
proposed model can be applied to this scenario where people respond back with
information about the fire, as depicted in Fig. 2.
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Fig. 2. The DOOR model in emergency response

4 Discussion and Conclusions

The potential of crowdsourcing in aiding emergency response efforts has been
widely discussed [4,5,7,12,15]. For gathering field data and maintaining constant
situational awareness, sharing data using smartphones can be employed [11,
19]. Platforms, such as Ushahidi [16], have proven useful time and again in
situations of crises. All of these efforts share a common workflow. It first involves
identification of a problem that can be solved using crowdsourcing and then
its decomposition into tasks that workers can finish in a timely manner. Job
distribution, worker engagement analysis, and data quality analysis are done
afterwards. Such analysis activities are not supported by current platforms and
are done in an ad-hoc fashion leading to duplicate efforts. As a first step towards
realizing such analyses, in this paper, we proposed the DOOR data model. The
model was designed to cope with data uncertainty with a bias towards spatial
and temporal data. Moreover, in order to illustrate that DOOR is generic enough
to be used in real-world applications, we instantiated it in a disaster management
scenario. A software prototype is being developed at our group using DOOR.
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