
SCAWG: A Toolbox for Generating Synthetic
Workload for Spatial Crowdsourcing

Hien To, Mohammad Asghari, Dingxiong Deng, Cyrus Shahabi
University of Southern California

{hto,masghari,dingxiod,shahabi}@usc.edu

Abstract—With the popularity of mobile devices, Spatial
Crowdsourcing (SC) is emerging as a new framework that
enables human workers to perform tasks in the physical world.
With spatial crowdsourcing, the goal is to outsource a set of
spatiotemporal tasks (i.e., tasks with time and location) to a
set of workers, which requires the workers to be physically
present at the location of the tasks in order to perform them.
Research efforts have focused on different aspects of SC, such
as task assignment, task scheduling and protecting workers’
privacy. However, one of the biggest challenges for the research
community is the absence of public real-world datasets from SC
applications such as Uber, TaskRabbit, etc. Therefore, we propose
a synthetic workload generator for the SC applications, namely
SCAWG1, to produce common datasets for experimentation,
thus leading to reproducible research. SCAWG facilitates and
standardizes workload generation in SC research. Specifically,
SCAWG considers realistic spatiotemporal properties and behav-
iors for both workers and tasks. In addition, to further emulate
the real-world workloads, it considers various application-specific
constraints and properties of workers and tasks as well as
their temporal arrival patterns. SCAWG is very flexible and
thus can be customized for different spatial crowdsourcing and
crowdsensing applications via a set of user-defined parameters
and distributions. We developed an open-source toolbox2 to
demonstrate the feasibility and applicability of SCAWG. The
toolbox is designed to be generic and extensible, which would
expedite experimental studies.

Index Terms—Spatial Crowdsourcing, Mobile Crowdsensing,
Datasets, User Mobility

I. Introduction

Today’s mobile phones are powerful devices that can act

as multi-modal sensors collecting and sharing various types

of data, e.g., picture, video, location, movement speed, di-

rection and acceleration. Spatial Crowdsourcing (SC) [1] is

emerging as a novel and transformative platform that engages

individuals, groups and communities in the act of collecting,

analyzing, and disseminating environmental, social and other

information for which spatiotemporal features are relevant.

With SC, task requesters outsource their spatial tasks to a set of

workers, i.e., individuals with mobile devices that perform the

tasks by physically traveling to specified locations of interest.

The nature of tasks may vary from environmental sensing to

capturing images. Typically, requesters and workers register

with a centralized spatial crowdsourcing server (SC-server)
that acts as a broker between the two parties. SC has numerous

1Spatial Crowdsourcing for Adaptive Workload Generator

2https://github.com/infolab-usc/SCAWG

applications in domains such as environmental sensing [2],

crisis response [3] and urban planning [4].

Consider an emergency response scenario where the Red

Cross (i.e., requester) is interested in collecting pictures and

videos of from various locations in a country (e.g., the Nepal

earthquake in 2015). The requester can issue a query to the

SC-server, and the request is then forwarded to workers that

are situated in the proximity of the zones of interest. The

workers record photos and videos using their mobile phones

and send the results back to the requester. A special case of

SC is Spatial Crowdsensing where the workers are pinged to

provide information at their current locations, either implicitly

by exploiting the sensors on their mobile devices or explicitly

by, for example, asking the user to send a text, fill a form,

take a picture or report precipitation [2], [4]–[8].

Recently spatial crowdsourcing [1], [2], [4], [9]–[13] and

spatial crowdsensing [5]–[8] have attracted extensive attention

in the research community and industry [14]–[16]. However,

to the best of our knowledge, there exists no real-world public

dataset available for research purposes. Most experimental

evaluations are based on proprietary data [17], [18], users’

historical call records [4], [5] or synthetic datasets [1], [2],

[7]–[13]. The call records (or mobility data) do not represent

actual datasets needed for the SC studies, in which workers

respond to tasks posted by requesters. Hence, the generated

synthetic datasets from these studies may not represent the

properties of real-world SC datasets and can only be used for

a particular setting of SC or sensing application.

To fill this gap, we propose SCAWG for generating syn-

thetic SC workloads with realistic spatiotemporal properties.

The generated datasets, which consist of both worker and

task information, are either purely synthetic or adapted from

geosocial datasets with users’ check-in information, such as

Gowalla3 and Yelp4. These geosocial datasets show realistic

mean contribution distances [19] of the users, characterizing

the task locality property in SC, i.e., workers tend to perform

nearby tasks [1], [18]. With purely synthetic data, since a

single spatial distribution may not be able to simulate spatial

distribution of some geosocial phenomena, SCAWG introduces

the mixed distributions to mimic complex behaviors observed

in the real world. The mixed distribution (i.e., either spatial or

temporal) combines multiple primitive distributions supported

3snap.stanford.edu/data/loc-gowalla.html.

4yelp.com/dataset_challenge
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with SCAWG (e.g., Uniform, Gaussian). An obvious benefit

of SCAWG is that researchers can reuse our common, well-

structured and extensible datasets in their evaluation studies.

With SCAWG, algorithms can be compared on the same

workload, facilitating the reproducibility of research findings.

As SC aims to provide a generic platform for different

campaigns, our basic workload includes only the core re-

quirements of spatial workers and tasks. In particular, each

task (or worker) comprises an initial location, a start time

(i.e., arrival/online time) and an end time (i.e., expiry/offline

time). The locations of workers or tasks follow a spatial

distribution (e.g., 2D Gaussian) while their start times follow

a temporal distribution (e.g., Poisson). In Figure 1, given a set

of configurable parameters and distributions, the Basic Work-
load Generator outputs two separate CSV-formatted files for

workers and tasks, which contain the basic requirements of

these entities in generic SC applications.

The basic workload generator is appropriate for many SC

applications; however, other real-world SC applications may

have application-specific constraints, properties or patterns

for the workers or tasks. Consequently, we also propose

the Advanced Workload Generator that considers these

requirements and subsumes the basic generator (Figure 1).

First, workers and tasks may have many constraints. For

example, to avoid receiving too many tasks, a worker can set

the maximum number of tasks he can perform within a time

period, namely capacity. The worker can also set a spatial
region within which he is willing to travel. A task may require

a certain number of times it needs to be performed [12],

[20]. Furthermore, there are different kinds of tasks, e.g.,

tasks that require trustful workers [20], need a specific set of

skills [21] or are associated with rewards [17], [18]. Second,

the advanced generator takes into account worker identity,

which can be used to either improve task allocation [1], [2],

[21] or avoid repetitive activations of the same workers [2].

We also introduce the concept of workers’ activeness, in

which active workers are likely to be available more often and

perform more tasks [17], [18]. Third, we consider temporal

arrival patterns for the workers (or tasks) over time.

The remainder of the paper is organized as follows. In

Section II, we formally define workers and tasks in a SC

environment. Section IV discusses the basic workload gener-

ator and Section V presents the advanced workload generator.

Finally, we conclude with a summary in Section VI.

II. Preliminaries

In this section, we formally define terminologies that are

widely used throughout the paper.

Definition 1 (Spatial Task): A spatial task t is a query to

be answered at location l associated with a time period [s,e],

where s, e are the start and expiration times, respectively.

In SC, a spatial task t can be answered only if the worker

is physically located at the location l. A spatial task t can be

completed only if it has been answered before its deadline.

Definition 2 (Worker): A worker, denoted by w, is a person

who volunteers to perform spatial tasks. A worker can be in

an either online or offline mode. A worker is online when he

is ready to accept tasks. An online worker is associated with

a unique id, his location l and a time range [s,e], where s is

the start time, and e is the end time.

There are two modes of SC applications [1]. In the Worker

Selected Tasks (WST) [10] mode, the SC-server publishes the

spatial tasks online, and workers can autonomously choose

any tasks in their vicinity without the need to coordinate with

the SC-server. In the Server Assigned Tasks (SAT) [1], [11],

[21] mode, the server has the overall information of the tasks

as well as the available workers. The server is responsible for

assigning the spatial tasks to the workers. SCAWG is oblivious

to the mode (WST or SAT) and the generated workloads can

be used by both modes of applications.

In addition, SCAWG can be used to generate workload for

both SC and its special case of crowdsensing. SC workers

may have various contraints (e.g., travel distance [1], [9], [10],

[20], [21]) while crowdsensing workers are not required to

travel [2], [4]–[6]. On the other hand, SC or crowdsensing

tasks may have constraints depending on specific applications

(e.g., in order to perform a task, workers are required to be

within a distance from the task [2], [6]). Therefore, we propose

a two-phase workload generator to be presented.

III. SCAWG Toolbox

Given a time period and a set of user-defined parameters,

the basic function of SCAWG is to generate workers and tasks

based on two spatial distributions, (i.e., locations of workers

and tasks) and two temporal distributions (i.e., start time and

duration), respectively. SCAWG supports various types of 2D

and 1D distributions for spatial and temporal properties of

tasks (or workers), respectively. A distribution in SCAWG can

consist of a combination of many primitive distributions. For

example, a distribution D in SCAWG can be a combination of

distributions A and B such that a sample from D is 70% of

the times drawn from A and 30% of the times drawn from B.

Being able to combine multiple distributions, allows SCAWG
to simulate complex behaviors observed in the real world.

Figure 1 shows the overview of our workload generation

process, which consists of two components: (1) basic workload

generation (Section IV), (2) advanced workload generation

with considerations from real-world applications (Section V).

Advanced Workload Generator 

Basic Workload Generator 
•  Location (spatial distribution) 
•  Start/end time (temporal distribution) 

•  Application-specific constraints, e.g., 
working region, worker capacity  

•  Worker activeness (activeness dist.) 
•  Temporal workload (workload dist.) 

Configurable 
parameters/
distributions 

CSV-formatted 
files for workers 

and tasks 

Fig. 1: Overview of the SCAWG toolbox.

IV. Basic workload generation

In a SC system, tasks and workers have spatial (location)

and temporal (start time, end time) properties. Therefore, at the

very least, every SC workload has to generate these properties

for its tasks and workers.
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Fig. 2: Distributions of points of interest in real-world datasets.

A. Spatial Distributions of Workers and Tasks

In order to generate the locations for workers/tasks, we

propose to not only use synthetic models but also repurpose

real-world distributions from geosocial datasets.

We study the properties of the real-world geosocial datasets

such as Gowalla, Yelp and Foursquare to emulate the spatial

distributions for workers and tasks since they are the closest

datasets to SC workload5. We assume that the users in these

datasets are spatial workers, and checking in a spot is equiva-

lent to completing a spatial task at that location. Gowalla is a

location-based social network, where users are able to check

in at different locations in their vicinity. On the other hand,

the Yelp data includes locations of businesses, users and user

reviews. Finally, Foursquare contains the check-in history of

users to the venues. Figure 2 shows the distributions of the

data points in these datasets. It seems that Yelp restaurants

resemble Gaussian distribution while Gowalla check-ins and

Foursquare venues do not follow any particular distribution.

Although these geosocial datasets are not real SC appli-

cations, they share similar task locality property [11] of SC

datasets. That is, workers are more likely to perform nearby

tasks in the real-world SC environments [1], [18]. As shown

in [18], 90% percent of workers travel less than 40 miles daily,

and the average travel distance for a worker is 27 miles. Hecht

et. al. [19] have observed a similar property from the contents

posted by Flickr and Wikipedia users, and they propose a

measurement termed as the mean contribution distance (MCD)
for each worker. The formal definition of MCD is as follows:

MCD(wi ) =

n∑

j=1

d(Lwi ,Lc j )

n
(1)

where L(wi ) is the location of worker wi , and Lc j are the

locations of its n contributions.

Figure 3 illustrates the cumulative ratio of users for different

datasets when varying MCDs. We select 90% MCD percentile

value as the Maximum Travel Distance (MTD), and conse-

quently the MT D values for Gowalla, Yelp and Foursquare

datasets are 3.6 km, 13.5 km and 16.5 km, respectively. This

indicates that these datasets exhibit the locality property.

Moreover, SCAWG supports various well-known distribu-

tions for generating workers’ and tasks’ initial locations such

as UNIFORM, ZIPFIAN, GAUSSIAN, CHARMINAR, etc.

For example, with UNIFORM, workers (or tasks) are uni-

formly distributed in the given area in Figure 4a; whereas, with

5Other datasets such as taxi GPS trajectories are also applicable.
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Fig. 3: The empirical cumulative distribution of mean contribution distances (MCDs) for
the geosocial datasets.
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Fig. 4: Synthetic distributions of workers and tasks.

GAUSSIAN, workers (or tasks) are grouped into a number of

clusters as shown in Figure 4b. Our observation from real-

world geosocial datasets is that workers (or tasks) tend to

group into certain areas of cities with a higher probability,

e.g., there’s a higher probability to observe more workers in

the downtown area than rural area. Hence, a combination of

GAUSSIAN distributions seems to be the closest to the real-

world distributions. Figure 4c shows a MIXTURE distribution,

where half of the data points are sampled from UNIFORM and

the other half from GAUSSIAN.

B. Temporal Distributions of Workers and Tasks

Temporal dynamism is another aspect of spatial crowdsourc-

ing that needs to be considered for any workload. Workers

and tasks can arrive at any point in time which we refer to as

the start time. To support all SC applications, we present two

different modes for synthetically generating start times.

The first mode generates a random number of start times

within each unit of time (UOT). SCAWG supports different

granularities for UOT, such as second, minute or hour. Also,

the number of tasks generated within each time interval is a

random variable itself. This random variable can follow any

distribution, e.g., UNIFROM, GAUSSIAN, POISSON, etc.

For example, if the distribution is a Poisson distribution, for

each UOT, we draw one sample from the Poisson distribution

which gives the total number of arrival times within that UOT.

Assuming X is the number of arrival times in the UOT, in this

mode SCAWG uniformly distributes the X start times within

the UOT. Although the distribution of arrival times in one UOT

is uniform, but over all the UOTs, the distribution of arrival

times follow a Poisson distribution [22].



With the second mode of arrival time generation, instead of

the number of tasks (or workers) per UOT, the input contains a

random variable representing the interarrival times of tasks (or

workers). The interarrival time is the time difference between

the arrival times of two consecutive tasks (or workers). This

random variable follows any of the supported distributions in

SCAWG.

With both modes of arrival time generation, except when the

number of tasks per UOT or the interarrival time is constant,

SCAWG cannot exactly control the total number of start times

generated during the input time interval due to the randomness

introduced in generating the start times. Therefore, for both

modes, instead of providing the end of the time interval, users

of SCAWG can provide the total number of requested tasks (or

workers).

In addition to arrival time, each task has a deadline
and workers will leave the system at some point in time6.

In SCAWG, instead of assigning tasks and workers with

an end time, we assign a duration to them such that

end_time − start_time = duration. The duration of a task (or

worker) is application dependent. However, SCAWG can gen-

erate random variables based on a combination of primitive

distributions. This allows SCAWG to accommodate the require-

ments of different applications regarding the duration of tasks

and workers.

C. Basic Workload Generation

Algorithms 1 and 2 show the process of generating tasks (or

workers) based on the number of tasks (or workers) per UOT

and interarrival time, respectively. Note that tasks and workers

use the same basic workload generators. In both algorithms,

the while loop continues until the end of the given time

interval. If the input contains a total number of requested tasks

instead of the end of the time interval, the while loop in both

algorithms can be changed so that it continues generating tasks

until a certain number of tasks are created.

Algorithm 1 BasicWorkloadGen_PerUnit(tDists, [s,e])

Input: tDists contains spatial, arrival time and duration dis-

tributions for tasks and [s,e] is the time interval.

Output: L a list of tasks.

1: Initialize L = {} ; time = s
2: while time < e do
3: X = tDists.arrival .sample()

4: for i = 1 to X do
5: Task t
6: t .l = tDists.spatial .sample()

7: t .s = time + rand() ∗UOT
8: t .e = t.s + tDists.duration.sample()

9: L ← L + {t}
10: end for
11: time+ = UOT
12: end while

6Hereafter, we use end time for both a task’s deadline and the time a worker leaves
the system.

Lat Lon Start Time (s) End Time (s)
37.7615 -122.4257 0 86,400

37.7719 -122.4039 43,200 129,600

TABLE I: Sample data of generic workers/tasks. Each row represents one worker/task.
Start and end times indicate the availability of a worker/task.

BasicWorker 

RegionWorker TrustWorker ExpertWorker 

BasicWorker

(a) Worker types

BasicTask 

ExpertTask TrustTask SensingTask 

BasicT sk

(b) Task types

Fig. 5: Examples of worker and task types.

In line 6 of Algorithm 1, the task location is generated

randomly from the either synthetic (e.g., UNIFORM, GAUS-

SIAN) or real-world (e.g., Gowalla, Yelp) spatial distributions.

In line 7, the method rand() generates a uniformly random

value between 0 and 1. This ensures that t.s is uniformly

distributed between the interval [time, time + UOT]. Table I

shows an example of basic tasks. More data can be found in

https://github.com/infolab-usc/SCAWG.

Algorithm 2 BasicWorkloadGen_InterArrival(tDists, [s,e])

Input: tDists contains spatial, arrival time and duration dis-

tributions for tasks and [s,e] is the time interval.

Output: L a list of tasks.

1: Initialize L = {} ; time = s
2: while time < e do
3: Task t
4: t.l = tDists.spatial .sample()

5: t.s = time + tDists.arrival .sample()

6: t.e = t.s + tDists.duration.sample()

7: L ← L + {t}; time = t.s
8: end while

V. AdvancedWorkload Generator

In this section, we present our advanced workload generator

by incorporating more features for real-world SC applications.

Specifically, we consider the following three aspects: (1)

application-specific constraints for both workers and tasks,

(2) worker identity and activeness, (3) temporal workload

distribution.

A. Application-specific Constraints

The aim of spatial crowdsourcing is to provide a generic

platform for different campaigns. Therefore, our basic work-

load generator includes the essential requirements only (i.e.,

location, arrival time and duration) for spatial workers and

tasks. However, in practice, SC campaigns might have various

requirements for both workers and tasks. For example, workers

can receive awards once tasks have been completed [9] or

crowdsensing tasks can be associated with regions such that

only enclosed workers are eligible to perform the tasks [2],

[6]. We hereby present how to extend our basic worker (or

task) for specific SC applications.



Lat Lon Start Time (s) End Time (s) Radius (r)
37.7615 -122.4257 0 86,400 5000

37.7719 -122.4039 43,200 129,600 1,000

TABLE III: Sample sensing tasks with radius constraint (one time period).

1) Constraints of Workers: In real-world SC applications,

workers can have various constraints. Figure 5a shows three

kinds of workers, which are extended from the basic worker.

In particular, each RegionWorker [1], [9], [10], [20], [21]

is associated with a spatial region R and a capacity maxT ,

i.e., the maximum number of tasks he is willing to per-

form. A TrustWorker is associated with a reputation [20] or

confidence [12], where a high-confidence task only accepts

workers with high-reputation scores. Finally, workers’ skill

sets and expertise have also been considered in [21], termed

as ExpertWorker. The values of R, maxT and skillsets fol-

low a particular distribution, e.g., RANDOM, GAUSSIAN,

ZIPFIAN or MIXTURE. An example of RegionWorker with

constraints (i.e., R, maxT) is given in Table II.

2) Constraints of Tasks: Similarly, generic tasks can be

extended to encompass different constraints. Figure 5b shows

three task types. TrustTask [20] and ExpertTask [21] corre-

spond to TrustWorker and ExpertWorker in Figure 5a, respec-

tively while SensingTask [2], [6] is associated with a spatial

region, and aims to collect information for that region, e.g.,

the precipitation level, air pollution and temperature. With

SensingTask, workers who are within a task’s vicinity are

eligible to perform it. Consequently, SensingTask is usually

associated with a radius r , which indicates that only workers

within a circular range of r are able to perform the task.

Table III illustrates examples of SensingTask.

B. Worker Identity and Worker Activeness

Given the total number of workers for one time period, our

basic workload generator produces a set of distinct workers.

However, in practice the same worker may be online multiple

times. In such a case, worker’s identity can be used to

differentiate workers from each others. Worker’s ID can be

helpful to enhance task assignment in SC applications [1], [2],

[21], and/or to avoid repetitive activation of the same worker

in a short time [2].

An important factor when considering the ID is that workers

are not online with the same probability (i.e. availability),

which means that some workers tend to be more active than

others. Thus, we introduce the concept of worker’s activeness,

which indicates the probability of one worker to be online and

ready to perform tasks7. Hence, the worker’s activeness is a

value between 0 and 1. The higher the value, the more likely

he will be online and perform tasks.

Consequently, we include both worker’s identity and active-

ness into our workload generator. The intuition is that active

workers are likely to be online than inactive ones. In Table II,

the worker with activeness value 0.2 (i.e., ID 91375) appears

two times more than the worker with activeness value 0.1

7Activeness is related to the concept of worker’s willingness defined in [17], [18],
which indicates his willingness to travel and to perform tasks.
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Fig. 6: Three samples of synthetic workload data.

(i.e., ID 41292). Therefore, we propose to use the roulette

wheel algorithm to decide the workers that can appear in one

time period. Specifically, given a worker pool of W workers

and the activeness value of each worker (i.e., a1,a2, ...,a |W |)8,
the algorithm generates a random integer r between 1 and

|W | such that r will appear with probability ar/
∑ |W |

i=1
ai , and

the worker who corresponds to the random number r will be

chosen.

C. Temporal Workloads

In some real-world SC applications, workers and tasks do

not uniformly arrive during a certain time period. On the

contrary, they have dynamic arrival patterns, i.e., the number

of available workers and tasks varies over time. For example,

Musthag et al. [18] show the time-of-day usage pattern of

workers in real mobile crowdsourcing applications, which

indicates the worker availability peak is between 4 pm and

7 pm when they leave their daily jobs. These patterns can be

used to predict the availability of workers and tasks, which has

been shown to improve the quality of task assignment [1], [2].

In the following, we discuss how to generate both synthetic

and real-world temporal arrival patterns.

1) Synthetic Temporal Workload: The idea of temporal

workload generation is to split the entire time period into

shorter time periods, and use SCAWG’s basic generator to

generate appropriate workloads for every smaller time period.

In particular, dividing the entire duration into T time periods,

we generate a given number of available workers (or tasks) per

time period using one of the following functions: INCREAS-

ING, DECREASING, POISSON, ZIPFIAN and COSINE.

Figure 6 shows some sample distributions with 1000 as the

mean value.

2) Real-world Temporal Workload: We adapt the idea of

temporal workload from the real-world datasets. Similar to

the synthetic method, we also divide datasets into a number

of time periods based on time of activities (i.e., review time

for Yelp, and check-in time for Gowalla and Foursquare).

We observe temporal arrival patterns in these datasets as

well. Figure 7a shows the number of check-ins per time

period (i.e., one-hour length) in the Foursquare dataset. During

weekdays, we see three peaks: in the morning when people go

to work, at lunchtime, and between 6 pm and 8 pm when they

commute. During weekends, user activity presents one long-

lasting plateau between noon and 10 pm. We also observe peak

activity during weekends in Gowalla dataset from Figure 7b

(i.e., time period length is a day).

8The activeness values can be generated from any 1D distribution.



Lat Lon Start Time (s) End Time (s) R maxT Worker Id Activeness
37.7615 -122.4257 0 86,400 [37.7;-122.5;37.8;-122.4] 3 91375 0.2

37.7719 -122.4039 43,200 129,600 [37.7;-122.5;37.8;-122.3] 2 41292 0.1

37.7925 -122.4756 172,800 259,200 [37.7;-122.5;37.8;-122.4] 2 91375 0.2

TABLE II: Sample workers with constraints (one time period). Each row represents one worker.
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Fig. 7: The number of check-ins varies over time periods.

D. Advanced Workload Generation

In this section, we propose Algorithm 3 to generate a

wide range of datasets by combining the spatial and temporal

distributions of workers and tasks and their temporal arrival

patterns. Lines 2 and 3 generate a set of worker and task

counts, respectively. The function TemporalPattern generates

a particular temporal pattern with a mean value. Lines 5-6

calculate arrival time distribution of the tasks using Poission

distribution. Line 7 generates a set of basic tasks for each time

period. Line 8 appends the application-dependent constraints

to the tasks based on the task type. Similar approach is

used to generate a set of workers in the current time period

(Lines 9-12). Note that the worker IDs can be generated in the

method BasicWorkloadGen_PerUnit using the roulette wheel

algorithm. Line 13 outputs locations, times and application-

dependent properties of tasks and workers into two CSV files,

one for workers (Table II) and one for tasks (Table III).

Algorithm 3 AdvancedWorkload Generation

1: Input: number of periods T , worker type wType, task type tType,
periods[], worker/task distributions wDists, tDists, worker/task
patterns wPattern, tPattern

2: wCounts[]← TemporalPattern(T ,wMean,wPattern)
3: tCounts[]← TemporalPattern(T , tMean, tPattern)
4: for i = 1 to periods.size do
5: tRate = tCounts[i] ∗UOT�periods[i].length
6: tDists.arrival = Poisson(tRate)
7: tasks← BasicWorkloadGen_PerUnit(tDists,periods[i])
8: tasks← ApplyConstraints(tasks, tType)
9: wRate = wCounts[i] ∗UOT�periods[i].length

10: wDists.arrival = Poisson(wRate)
11: workers← BasicWorkloadGen_PerUnit(wDists,periods[i])
12: workers← ApplyConstraints(workers,wType)
13: Dump tasks and workers to into two CSV files
14: end for

VI. Conclusion

We presented a toolbox for generating synthetic SC work-

loads with realistic spatiotemporal properties, based on the

spatial and temporal distributions of workers and tasks as

well as their temporal workload patterns observed over time.

Different properties of tasks and workers were identified

from the examples of real-world datasets. We explained the

data generation process and devised two algorithms, one

for generating basic workload and another for generating

advanced workload with various real-world considerations,

i.e., application-specific constraints of workers and tasks, their

temporal arrival patterns and worker activeness. The properties

of the synthetically generated data exhibit equivalent charac-

teristics to the real data, and hence can be used in a variety

of SC research.

VII. Acknolwdgement

This research has been funded by NSF grants IIS-1320149

and CNS-1461963, the USC Integrated Media Systems Center

(IMSC), and unrestricted cash gifts from Google, Northrop

Grumman, Microsoft, and Oracle. Any opinions, findings, and

conclusions or recommendations expressed in this material are

those of the authors and do not necessarily reflect the views

of any of the sponsors such as NSF.

References

[1] L. Kazemi and C. Shahabi, “GeoCrowd: enabling query answering with spatial
crowdsourcing,” in ACM SIGSPATIAL GIS, 2012, pp. 189–198.

[2] H. To, L. Fan, L. Tran, and C. Shahabi, “Real-time task assignment in hyper-
local spatial crowdsourcing under budget constraints,” In proceedings of the IEEE
PerCom, 2016.

[3] H. To, S. H. Kim, and C. Shahabi, “Effectively crowdsourcing the acquisition
and analysis of visual data for disaster response,” In proceeding of 2015 IEEE
International Conference on Big Data, 2015.

[4] H. Xiong, D. Zhang, G. Chen, L. Wang, and V. Gauthier, “CrowdTasker: maxi-
mizing coverage quality in piggyback crowdsensing under budget constraint,” in
Proceedings of the IEEE PerCom, 2015.

[5] D. Zhang, H. Xiong, L. Wang, and G. Chen, “CrowdRecruiter: selecting participants
for piggyback crowdsensing under probabilistic coverage constraint,” in Proceed-
ings of the 2014 ACM UbiComp. ACM, 2014.

[6] Z. Song, C. H. Liu, J. Wu, J. Ma, and W. Wang, “Qoi-aware multitask-oriented
dynamic participant selection with budget constraints,” Vehicular Technology, IEEE
Transactions on, vol. 63, no. 9, pp. 4618–4632, 2014.

[7] S. He, D.-H. Shin, J. Zhang, and J. Chen, “Toward optimal allocation of location
dependent tasks in crowdsensing,” in INFOCOM 2014. IEEE.

[8] M. Xiao, J. Wu, L. Huang, Y. Wang, and C. Liu, “Multi-task assignment for
crowdsensing in mobile social networks,” 2015.

[9] H. Dang, T. Nguyen, and H. To, “Maximum complex task assignment: Towards
tasks correlation in spatial crowdsourcing,” in Proceedings of iiWAS. ACM, 2013.

[10] D. Deng, C. Shahabi, and U. Demiryurek, “Maximizing the number of worker’s
self-selected tasks in spatial crowdsourcing,” in ACM SIGSPATIAL GIS, 2013.

[11] H. To, G. Ghinita, and C. Shahabi, “A framework for protecting worker location
privacy in spatial crowdsourcing,” Proceedings of the VLDB Endowment, 2014.

[12] P. Cheng, X. Lian, Z. Chen, L. Chen, J. Han, and J. Zhao, “Reliable diversity-based
spatial crowdsourcing by moving workers,” arXiv preprint arXiv:1412.0223, 2014.

[13] H. To, G. Ghinita, and C. Shahabi, “PrivGeoCrowd: A toolbox for studying private
spatial crowdsourcing,” in Proceedings of the 31st IEEE ICDE, 2015.

[14] TaskRabbit. https://www.taskrabbit.com/.
[15] Gigwalk. http://gigwalk.com/.
[16] Field Agent. http://www.fieldagent.net/.
[17] J. Thebault-Spieker, L. G. Terveen, and B. Hecht, “Avoiding the south side and the

suburbs: The geography of mobile crowdsourcing markets,” in Proceedings of the
18th ACM CSCW, 2015, pp. 265–275.

[18] M. Musthag and D. Ganesan, “Labor dynamics in a mobile micro-task market,” in
Proceedings of the SIGCHI. ACM, 2013, pp. 641–650.

[19] B. J. Hecht and D. Gergle, “On the localness of user-generated content,” in
Proceedings of the 2010 ACM CSCW, 2010, pp. 229–232.

[20] L. Kazemi, C. Shahabi, and L. Chen, “GeoTruCrowd: trustworthy query answering
with spatial crowdsourcing,” in ACM SIGSPATIAL GIS, 2013.

[21] H. To, L. Kazemi, and C. Shahabi, “A server-assigned spatial crowdsourcing
framework,” ACM Transactions on Spatial Algorithms and Systems (TSAS), 2015.

[22] A. Baddeley, I. Bárány, and R. Schneider, “Spatial point processes and their
applications,” Stochastic Geometry, 2007.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize false
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Required"  settings for PDF Specification 4.01)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


