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Abstract—With the significant increase in sources and volume1

of human mobility data through commercial data vendors as well2

as microsimulation of cities, the scale of geospatial-temporal data3

to analyze and assess for mobility characterization has grown4

to the level of Big Data. There are mobility related commercial5

organizations deploying scalable computing, but often the system6

architecture, workflow, and intermediate processing components7

are not fully disclosed in relevant scope. Current research litera-8

ture has a notable lack of studies demonstrating architectures and9

workflows for human mobility analytics that are implemented on10

a TeraByte scale of geospatial-temporal data. In this context, this11

paper presents a hyperscale-level system solution named DICER12

(Data Intensive Computing Environment and Runtime) for pro-13

cessing and analytics of geospatial-temporal data at big data14

scale. Although the cluster computing architecture of DICER with15

Apache Spark job running on Kubernetes cluster is not new, there16

are innovations in the workflow, hierarchical processing logic, and17

a wide range of intermediate preprocessing and mobility metrics18

calculation. We have performed case studies to validate the19

effectiveness of DICER system solution by performing detailed20

analytics and assessment of human mobility microsimulation21

output at three different scopes and scale, including a usecase22

with 16.97 TeraByte and 259.2 Billion rows of data. In addition,23

we have presented another case study of utilizing DICER to24

perform the same mobility processing and comparative analytics25

on large-scale commercially available geospatial-temporal data.26

All these case studies validate the efficiency of DICER in27

computing population mobility characteristics from geospatial-28

temporal trajectory data at an unprecedented scale (not only just29

data volume, but also combination of: number of user entities,30

temporal frequency, spatial resolution, data duration).31

Index Terms—Geospatial temporal data, human mobility, mo-32

bility metrics, big data, big data analytics, cluster computing,33

cloud computing, testing and evaluation.34

I. INTRODUCTION35

There is a long history of research literature analyzing,36

characterizing, and designing mobility metrics, in the field of37

human mobility research [6], [17]. But these works, most of38

the time, have used geospatial-temporal mobility data sizes39

that are less than the scale of “large-scale” and of “Big40

Data”. On the other hand, there are relatively fewer and41

only recent works performing human mobility analytics and42

research at the data scale of what can be called large-scale 43

or big data [9], [10], [13], [14]. These scientific studies 44

predominantly concentrate on uncovering patterns in human 45

mobility. However, it is worth noticing that commercial entities 46

in the mobility sector often refrain from fully disclosing their 47

system architecture, operational processes, and the various 48

intermediate components involved in their workflows. There 49

is a compelling need in the fields of human mobility and 50

human dynamics for a system solution that describes all 51

its parts (system architecture, operational workflow, interme- 52

diate processing components), and that shares case studies 53

experience on performing at-scale mobility processing and 54

analytics on geospatial-temporal data at big data scale. In this 55

work we present our experience designing a scalable cloud- 56

native architecture with cluster computing system resources, 57

in order to analyze large-scale human mobility datasets in 58

practically short time window. The system is named DICER 59

(Data Intensive Computing Environment and Runtime) and 60

consists of parallel workers in cluster computing environment 61

deployed in commercial cloud. The purpose of DICER is to 62

analyze multi-faceted human mobility behavior on very large- 63

scale geospatial-temporal data. The core value is in detecting 64

large range of human mobility metrics patterns on scalable 65

mobility data within considerably short turnaround time. 66

For validation with relevant usecases, DICER is evaluated 67

on microsimulated human mobility datasets generated at un- 68

precedented scale: high-frequency, high-fidelity and scaled 69

population of a city as AoI (area of interest). The dataset en- 70

compasses an extensive collection of mobility data, comprising 71

over a billion records. Each record contains four parameters, 72

collectively known as ULLT data: Unique identifier for each 73

user entity or anonymous device, Latitude, Longitude, and a 74

Timestamp. Three datasets generated from the microsimula- 75

tion are evaluated with DICER: 10K user agents (simulating 7 76

days of patterns of life or PoL), 20K user agents (simulating 77

28 days of PoL), 50K user agents (simulating 60 days of PoL). 78

Case studies are performed on these datasets where four key 79

mobility data preprocessing and nine key mobility metrics are 80



computed with DICER system solution. With only 150-30081

parallel workers (number of workers can be increased consid-82

erably), DICER completed all these computation on mobility83

datasets of 6.048 Billion, 48.384 Billion, 259.2 Billion rows84

(geospatial temporal datapoints) in about 4 hours, 11 hours85

and 23.5 hours respectively. These runtimes can considerably86

be decreased further with increasing the number of parallel87

works parameter in DICER.88

The main contributions of this paper are as follows: (i)89

Besides presenting the system architecture dedicated for highly90

scalable computation of human mobility metrics on geospatial-91

temporal trajectory data, innovation in computation workflow,92

hierarchical processing logic, wide range of four intermediate93

preprocessing and nine mobility metrics calculation; (ii) Ex-94

tensive case study of using the DICER system solution to do95

test and evaluation on microsimulation of human mobility and96

patterns of life (PoL) at an unprecedented scale and granularity97

(not only just big data volume); (iii) Another case study of98

using DICER on characterizing stopping/dwelling patterns of99

human mobility extracted from real-world commercial holdout100

data (from the same area of interest as the microsimulation).101

Finally, this paper is organized as follows. Section II102

presents the current state-of-the-art in scalable computation of103

human mobility characteristics. Section III first introduces the104

unprecedented scale and granularity of the mobility datasets105

used in this paper, motivating the need of system solution106

DICER. Then Section IV presents our proposed solution107

DICER in details, including system architecture, computa-108

tional workflow, hierarchical processing logic, wide range of109

intermediate preprocessing and mobility metrics calculation.110

Then Section V presents the extensive case studies of applying111

DICER solution. Finally Section VI concludes the paper.112

II. RELATED WORK113

Computing human mobility characteristics on unprece-114

dented scale and granularity of geospatial-temporal data may115

be achieved with high performance computing (HPC), dis-116

tributed computing, or cluster computing frameworks. There117

are solutions available like GeoMesa [12] and Apache Sedona118

[20], which support large-scale geospatial querying and analyt-119

ics on distributed or cluster computing system. These solutions120

are more broadly focused on any geospatial data analytics121

needs. Proposed DICER solution here is more specifically122

focused on the niche of geospatial-temporal human mobility123

patterns and metrics characterization. But to note that overall124

all these solutions have underlying Apache Spark (or equiva-125

lent) based distributed or cluster computing architecture.126

The work in [18] includes surveying the literature on127

analyzing large-scale, high-dimensional human mobility data.128

Work in [11] analyzed 100,000 anonymized mobile phone129

traces where user locations are in terms of location of mobile130

towers, data temporal frequency is based on when phone131

calls happened, data duration is 6 months. With that dataset132

they analyzed metrics like time-independent characteristics133

of travel distance and probability of returning to a few134

highly frequented locations. Work in [7] analyzed 1,033,095135

individual displacements data, and analyzed trajectories of 136

464,670 dollar bills obtained from the bill-tracking system 137

(http://www.wheresgeorge.com). Due to the data source type, 138

the spatial and temporal granularity is much sparse. The 139

analysis focused on metrics like distribution of travelling 140

distances and probability of remaining in a small, spatially 141

confined region for a time. Another work [16] has analyzed 142

mobile traces of 50,000 individuals, where user locations are 143

in terms of nearby mobile tower locations, data temporal 144

frequency is based on each user data having average call 145

frequency of ≥ 0.5 hour−1, data duration is 3 months. As 146

for metric and patterns analysis, they have studied lack of 147

variability in diverse movement patterns. 148

There is a pattern in all these works above in literature 149

that the focus is on analyzing specific limited set of metrics 150

or patterns, and very little details have been shared on the 151

system architecture used (if any) on mobility data at-scale. 152

In fact several works have their mobility dataset with large- 153

number of users/devices, but actually sparse in several di- 154

mensions like temporal frequency, geospatial granularity, time 155

duration of data. In these cases the mobility dataset actually 156

do not need a big data processing architecture for analysis, 157

and do not necessarily need cluster computing or distributed 158

computing. In contrast in this work we have shared details 159

of our DICER system architecture, end-to-end workflow of 160

computing several popular mobility metrics at-scale, and case 161

studies of processing and analyzing very large-scale human 162

mobility dataset (with high density in temporal frequency and 163

spatial resolution). 164

In relevant commercial entities in this domain, there are 165

several who perform analysis of large-scale geospatial tem- 166

poral human (or other entities like vehicles) mobility data. 167

Due to being commercial products and solutions, generally 168

the big data processing and analysis architectures are not 169

shared publicly at great details. Sometimes though, the overall 170

big data architecture of such commercial organizations (e.g., 171

Uber, SafeGraph) are shared publicly [1], [3]. But those 172

generally covers high-level system architecture serving all 173

types of their data and services, and do not share finer level 174

and scoped details on system architecture and workflow of 175

analyzing/assessing geospatial-temporal human mobility data 176

at scale. In contrast, this work has shared details of design and 177

usage of DICER system architecture that is only focused 178

on scalable processing and analysis of geospatial-temporal 179

human mobility data. In the research literature there are some 180

works that can be found sharing scalable system architecture 181

specifically for analyzing geospatial-temporal mobility data 182

at scale. The work in [19] introduces a system architecture 183

(named δ architecture) for big data processing in the domain of 184

mobility analytics. But for experimental evaluation they have 185

only shared per-component and per-pipeline system evaluation 186

with measures like throughput, latency. But there is no details 187

on if any large-scale mobility dataset was used for validation 188

and case study, and also no mobility metrics related analytics 189

results are presented. Another work in [8] presented the system 190

architecture, data collection, transfer, processing on large- 191



scale mobility data. They designed a platform called “Real192

Time Rome Platform” and used it to analyze [15] large-193

scale mobility data of the city of Rome, Italy. Among the194

data types, mobility data of human users was provided by195

Telecom Italia (TI) and consisted of aggregate location and196

trajectory data on callers. In that work [8] the data processing197

system architecture is described, but they either didn’t use198

or otherwise described much of the parallel or distributed199

computing architecture for scaling. In contrast, in this work200

we have shared in details both: case studies of analyzing big201

data scale of human mobility data, and the parallel processing202

mechanism in DICER along with system level performance203

reporting (performance of parallelism in the case studies).204

III. DESCRIPTION OF HUMAN MOBILITY DATASETS205

GENERATED206

The four datasets used for case studies and validation are207

described here (before describing the DICER system) in order208

to highlight the following: (a) unprecedented combination of209

scale (data size), precision (spatial) and frequency (temporal)210

of the geospatial-temporal human mobility data present in211

the datasets; and (b) capability of DICER in being able to212

perform scalable computing on the datasets. Among the four213

datasets, Data-1, Data-2, Data-3 (as they are named here)214

are output of human mobility and patterns of life (PoL)215

based microsimulation work from us. But more details of216

microsimulation modeling and methodologies are beyond the217

scope of this paper. Another Data-4 (as it is named here) is the218

large-scale real-world human mobility dataset from the same219

AoI (area of interest) as that of the microsimulation. But unlike220

microsimulation output in Data-1, Data-2 and Data-3, this221

Data-4 is collected and prepared from commercially available222

data vendors. All the necessary details of these four datasets223

are available in Table I.224

225

IV. DICER SYSTEM ARCHITECTURE AND PROCESSING OF226

GEOSPATIAL-TEMPORAL MOBILITY DATA227

In this section we describe the system architecture and228

operational workflow of DICER, followed by data processing229

steps in mobility characterization at-scale.230

A. DICER System Architecture231

The overall architecture for DICER system is shown in232

Figure 1. The step numbers (e.g., “1.1”) and step descriptions233

(e.g., “Data Ingestion”) are shown in the figure to illustrate the234

order of activities when performing the scalable processing and235

analysis of mobility datasets.236

Starting from the top-left in the diagram, the input data237

to the system is geospatial-temporal mobility data of interest.238

Through the steps 1.1 and 1.2 of “Data Ingestion”, it is239

ingested first to a storage bucket (currently using Google240

Cloud Storage Buckets) and then to a distributed database that241

can support scalable query and I/O (input/output) operations242

(currently using BigQuery of Google Cloud). Then in step243

2 of “Conformance Testing” the data is checked for all the244

data sanity requirements, through SQL commands that then 245

is run in fast and scalable manner through the distributed 246

database (currently using BigQuery). Next the step 3.1 of 247

“Submit Spark Jobs for computing Preprocerssing and Metrics 248

in TraKit”, Apache Spark computation jobs are submitted to 249

the computing cluster which runs Apache Spark on Kuber- 250

netes (currently using GKE or Google Kubernetes Engine for 251

Kubernetes service). The cluster consists of pods, single or 252

multiple of which can run on the available computing nodes 253

(currently nodes are the virtual machines in Google Cloud). 254

The Kubernetes is set to auto-scale in between a minimum (say 255

10 parallel workers) and a maximum (say 300 parallel workers, 256

but can be increased as needed to multiple of thousands 257

parallel workers). To note that for the case studies presented 258

in this paper, the Kubernetes auto-scaling was configured to 259

use in most of the cases maximum 150-200 parallel workers. 260

As part of the workers in the pods doing the cluster 261

computing job, each worker do the step 3.2 of “Querying 262

Data by Workers in GKE Cluster”. Through step 3.2 each 263

worker gets an input data slice, that it’s assigned at that time 264

for computing the TraKit software on. TraKit is our software 265

library for computing various human mobility metrics and 266

performing analytics, more details of TraKit is out of scope 267

of this paper. After computing the TraKit software modules, 268

in the next step 4 of “TraKit Result Outputs to BigQuery”, 269

the scalable computing results are all written back to the 270

distributed database (currently BigQuery). Followed by that 271

there are step “5.1 Analysis of Preprocessing and Metrics 272

Results” and step 5.2 “Save analytical results to BigQuery”, 273

where the statistical analysis and assessment of the computed 274

preprocessing and metrics results in TraKit are done and saved 275

in the distributed database. This analysis step though just 276

needed a virtual machine with high enough memory and CPU 277

capacity, and not the resource of doing cluster computing 278

(unlike computing the preprocessing and metrics in TraKit 279

at-scale in the cluster). After these, there are steps 6.1 for 280

ETL (extract, transform and load) of all the results and step 281

6.2 of visualization. Also to note that there are other key 282

components and activities involved in the DICER architecture: 283

orchestration (currently using Apache Airflow); logging and 284

monitoring of the cluster computing jobs as they run on the 285

worker pods; CI/CD (continuous integration and continuous 286

delivery/continuous deployment) pipeline management. 287

B. DICER Overall Workflow for Scalable Computing Jobs 288

As described in previous Section IV-A, DICER uses Cluster 289

Computing, and runs Apache Spark application on a Ku- 290

bernetes cluster. Currently DICER is running on commercial 291

Google Cloud computing environment. However our core de- 292

sign of DICER do not specifically need any commercial cloud, 293

and can run with on-premises/on-prem computing resources 294

and open-source software. Apache Spark and Kubernetes used 295

in DICER are all open-source themselves, this work just used 296

the Kubernetes service of GKE (Google Kubernetes Engine). 297

Now in the Cluster Computing environment, each computing 298

worker (here a worker pod in Spark on Kubernetes cluster) 299



Dataset description Number of
users Temporal frequency Spatial Reso-

lution
Data dura-
tion Dataset size

Data-1: Microsimulation of human
mobility and patterns of life (PoL) in
AoI (area of interest) of Knoxville,
Tennessee, U.S. Overall Knoxville
MSA (metropolitan statistical area) is
used as the AoI.

10,000 simulated
human users
as agents in
microsimulation.

Every 1 second

At least 6
decimal digits
precision in
latitude and
longitude (for
geospatial
location).

7 days

Around 6.048 Billion rows
(columns being: user id,
latitude, longitude, times-
tamp); 405.55 GigaBytes
of logical bytes.

Data-2: -do-

20,000 simulated
human users
as agents in
microsimulation.

-do- -do- 28 days

Around 48.384 Billion
rows (columns being: user
id, latitude, longitude,
timestamp); 3.17
TeraBytes of logical
bytes.

Data-3: -do-

50,000 simulated
human users
as agents in
microsimulation.

-do- -do- 60 days

Around 259.2 Billion rows
(columns being: user id,
latitude, longitude, times-
tamp); 16.97 TeraBytes of
logical bytes.

Data-4: Commercially available data
obtained on users in MSA of
Knoxville, U.S. The users repre-
sented in the data are based on
data sources of the commercial data
provider (possible data sources are
various commercial mobile apps and
check-ins of consenting users).

162,491
mobile devices
represented in
the commercial
data.

Significantly more sparse
than even every 1 hour,
and also significantly non-
uniform data in space and
time. Sparseness and non-
uniformity vary consider-
ably across users in data.

Significant
majority of
latitude and
longitude
values have
at least 4
decimal digits
precision.

7 days

Around 98.334 Million
rows (columns being: user
id, latitude, longitude,
timestamp); 11.91
GigaBytes of logical
bytes.

TABLE I: Four different large-scale geospatial-temporal human mobility datasets, on which case studies have been done to use
DICER system solution for scalable processing. Various properties and features of these datasets are described in this table.

in the computer cluster overall performs the same computing300

task but assigned with different input parameters (e.g., user301

id or geospatial hexagon polygon here) and thus different302

input data slice to perform computation on. The dynamics303

of distribution and assignment of input parameters to the304

workers are controlled and scheduled by software driver (here305

an Apache Spark driver pod).306

Figure 2 illustrates the overall operational workflow in307

DICER for highly scalable cluster computing on geospatial-308

temporal mobility data. At the start a Spark job is submit-309

ted through kubectl command tool, which invokes a Spark310

Operator [4] YAML file consisting of major configuration311

parameters. One of the configuration parameters is the path312

to compiled Docker image bulit with a Docker engine. The313

Docker image is built using a Docker file and the Docker con-314

tainer that holds the entire TraKit software package designed315

by us. TraKit is an innovative framework from our research316

for comprehensively evaluating geospatial-temporal human317

mobility data. Detailed description of TraKit is out of scope318

of this work, the only relevant components of TraKit in this319

presented work context (preprocessing of mobility data and320

mobility related metrics) are described in next subsection IV-C.321

Another important configuration parameters in the YAML322

file is the main application python file, which consists of323

following steps implemented: (i) first querying the data slice324

from the complete database (here Google BigQuery) based on325

assigned input parameters (e.g., user id, geospatial polygon)326

and computing component (preprocessing or metrics modules327

of TraKit, individually or in batch); (ii) then calling the specific328

python function for the computing component of interest329

(preprocssing or metric) in the TraKit software package; (iii) 330

finally directly (without sending to the Spark driver) writing 331

the resulting data to the relevant output data table in the 332

database (this avoids overloading the Spark driver). The other 333

configuration parameters in the YAML file include: system 334

configurations for cluster computing nodes like memory and 335

CPU capacity assigned for each node; configurations for 336

Apache Spark engine (like Spark version, memory assigned 337

for Spark driver and the Spark executors, etc.); configurations 338

for Kubernetes engine (like dynamic allocation of minimum 339

and maximum executors for autoscaling). A few other config- 340

uration parameter and procedure used are: a persistent volume 341

(disk storage) for storing all the logs from different Spark job 342

sessions (since the logs on Spark driver get deleted after a 343

Spark session ends); cluster status monitoring tool (we used 344

K9s tool [2], while kubectl logs command is another option). 345

C. Processing Steps for Evaluating Geospatial-Temporal Hu- 346

man Mobility Data 347

From the large-scale of raw geospatial-temporal data table, 348

first the relevant preprocessing modules are computed. Then 349

from the preprocessing result tables, the different human 350

mobility metrics are calculated. This is illustrated in Figure 351

3. Detailed descriptions of preprocessing and metrics modules 352

in TraKit are out of scope of this work, but here are some 353

brief descriptions. The preprocessing steps consist of following 354

modules: Stop Points (SP), Unique Stop Points (USP), Set 355

Unique Stop Points (SUSP), Timed Trips Linking Locations 356

(TTLL) and Set Timed Trips Linking Locations (STTLL). 357

An individual’s geospatial-temporal trajectory is considered 358

as a combination of: displacements between locations and 359



Fig. 1: System architecture of DICER for highly scalable cluster computing of geospatial-temporal mobility data.

Fig. 2: Overall workflow in DICER for highly scalable cluster
computing of geospatial-temporal mobility data.

pauses at locations. A stop location is defined by a pause360

an individual makes at a location. Now very briefly: SP is361

a pause an individual makes at a location in context to a362

movement trajectory; USP is re-occurring visitations at SPs by363

Fig. 3: Processing steps for evaluating geospatial-temporal
mobility data using DICER.



an individual over a period of time; then SUSP is overlapping364

USPs from multiple individuals, aggregated together. Example365

of an SP is say the front location of home of user id say366

uid-1 where it stopped for sustained time on a certain day.367

Then USP is a centroid home location aggregated from SPs368

of that uid-1; Finally example of SUSP is a centroid home369

location for family members uid-1 and uid-2 residing in same370

home, aggregated from USPs of uid-1 and uid-2. Then TTLL371

and STTLL preprocessing results contain information on in-372

dividual user’s trips (across it’s USPs) and all user population373

trips (across the SUSPs) respectively. Finally, following nine374

human mobility metrics are calculated (and then aggregated375

for analysis with statistical distributions) from TraKit for the376

case studies done (Section V to follow): Distance traveled377

per day; Radius of gyration; Number of locations visited;378

Level of exploration; Distribution of speed; Speed threshold379

check; Distribution of acceleration; Travel time information;380

Origin-destination probability. But to note that these are not the381

complete set of preprocessing modules and metrics modules382

available in our TraKit software.383

V. CASE STUDIES AND PERFORMANCE BENCHMARKING384

First in Section V-A we present the case study of com-385

paring several popular mobility metrics performance results,386

computed at-scale on the big data datasets Data-1, Data-2,387

Data-3 (as was described in Section III and Table I). Then in388

Section V-B we present the case study of comparing at big data389

scale, the mobility microsimulations data with corresponding390

real-world commercial holdout data (Data-4 in Table I).391

A. Evaluating Mobility Microsimulations and their Evolution392

as they Scale-up393

Previously Section III and Table I described the three large-394

scale microsmulations datasets generated by us: Data-1, Data-395

2 and Data-3. The scopes of further describing these large-396

scale microsimulations of human mobility are though out of397

scope of this paper. Now using DICER system solution we398

have computed several popular and relevant human mobility399

metrics to do at-scale Test and Evaluation (T&E) of Data-1,400

Data-2 and Data-3.401

As was previously described in Section IV-C and Figure 3,402

we computed following nine mobility metrics at-scale: Total403

distance per day; Radius of gyration; Travel time information;404

Number of locations visited; Level of exploration; Distribution405

of speed; Speed threshold check; Distribution of acceleration;406

Origin-destination (O–D) probability. As per Figure 3 these407

metrics are computed in our mobility research software TraKit408

from the pre-processing results of SP (Stop Point), USP409

(Unique Stop Point), SUSP (Set Unique Stop Point), TTLL410

and STTLL (Set Timed Trips Linking Locations). Further411

details of TraKit is out of scope of this paper. Now we share412

the system performance and mobility characteristic perfor-413

mance for each of preprocessing or metrics components, and414

compared across Data-1, Data-2 and Data-3. The computation415

times by DICER overall are reported in Table II.416

First we compare the performance of relevant preprocessing 417

components of SP, USP, SUSP as shown in Figure 4. In 418

Figure 4(a) it can be seen that the range of number of SPs 419

per UID (microsimulation user agent) per day was much 420

higher in Data-1, compared to the same in Data-2 and Data-3 421

(although the high-level trend or shape of distribution was 422

not significantly different). To observe that as significantly 423

more user agents and days of mobility were simulated in 424

Data-2 and Data-3, the quality of microsimulation progressed 425

and aggeragted pattern of SPs (temporal stop/stay behaviors) 426

settled better than in Data-1. There was different observations 427

from distributions of USP and SUSP as can be seen in Figure 428

4(b) and Figure 4(c). The distribution of USP (distribution 429

of number of USPs per UID) and also the distribution SUSP 430

(distribution of number of UIDs visiting each of the SUSP) did 431

not change drastically for Data-1, Data-2, Data-3. The range 432

on the X-axis extended/increased (in distribution of USP and 433

SUSP) from Data-1 to Data-2 and then to Data-3. This is 434

explainable because as more number of days as well as more 435

number of UIDs are simulated, there is gradual diversity and 436

thus increase number of unique locations being visited. Noted 437

than USP and SUSP are not function of time itself, but SP is. 438

Among the other preprocessing result module, STTLL (Set 439

Timed Trips Linking Locations) consists of a network graph 440

where the nodes are the SUSPs and edges contain all details 441

of individual trips (with details like which UID took a trip 442

from trip start and end timestamps) between two SUSPs. 443

As calculated by DICER, Data-1 STTLL network graph had 444

16,845 nodes, 295,748 edges, and total detected 475,210 445

individual trips. Data-2 STTLL network graph had 26,690 446

nodes, 638,480 edges, and total detected 1,524,155 individual 447

trips. Then Data-3 STTLL network graph had 26,105 nodes, 448

913,045 edges, and total detected 2,080,086 individual trips. 449

Now we describe the nine mobility metrics performance. 450

The metric “total distance per day” is total distance traveled 451

(travel or trips happenning in between stop/stay locations) per- 452

day per-UID. Figure 5(a) shows the distribution of distance 453

traveled per day per UID. It can be observed that Data-1 for 454

some reason had significantly more distance being traveled 455

per day by user agents, compared to in Data-2 and Data-3. 456

Next metric is “radius of gyration” which quantifies the spatial 457

extent of an individual user’s characteristic distance traveled. 458

Figure 5(b) shows the distribution of radius of gyration. It 459

can be seen that overall distribution pattern and range for 460

radius of gyration did not change much across Data-1, Data- 461

2, Data-3. Next metric is “travel time information”, which is 462

travel time (in seconds) for travel/trips happening between two 463

time consecutive stop/stay locations for each UID. Figure 5(c) 464

illustrates the distribution of travel time information. It can be 465

observed that the travel time had considerably higher values 466

(on X-axis) in Data-3 compared to in Data-1 and Data-2. 467

The next metric is “number of locations visited”, which 468

represents the number of unique locations visited per day by 469

each UID. Figure 6(a) shows the distribution of number of 470

USPs visited per-UID per-day. It can be observed that there 471

was a little bit more number of unique locations being visited 472



((a)) Probability density based distribution for
number of Stop Points (SP) for each UID-Day
combination.

((b)) Probability density based distribution for
number of Unique Stop Points (USP) per UID.

((c)) Probability density based distribution for
number of UIDs visiting each of the Set
Unique Stop Points (SUSP).

Fig. 4: Statistical distribution based analysis for SP, USP, SUSP preprocessing modules of TraKit. SP, USP, SUSP results are
computed at-scale using our DICER system solution.

((a)) Distribution of metric total distance per
day. ((b)) Distribution of metric radius of gyration.

((c)) Distribution of metric travel time infor-
mation.

Fig. 5: Statistical distribution based analysis for following mobility metrics as computed on each of Data-1, Data-2 and Data-3:
total distance per day, radius of gyration, travel time information.

((a)) Characteristics of metric number of loca-
tions visited

((b)) Characteristics of metric distribution of
speed.

((c)) Characteristics of metric distribution of
acceleration.

Fig. 6: Statistical distribution based analysis for following mobility metrics as computed on each of Data-1, Data-2 and Data-3:
number of locations visited, distribution of speed, distribution of acceleration.



per-day overall by the UIDs in Data-1 compared to in Data-2473

and Data-3, but it was not significantly higher. Next metric474

is “level of exploration”, which is defined and calculated as475

visitation frequency to the top-K (K=10 used here) visited476

unique locations by each UID. As can be observed in Figure477

8(a) the visitation frequency(%) vs. ranked top-10 visited478

unique locations plot didn’t change much and fundamentally479

remained similar across the Data-1, Data-2 and Data-3.480

The next two metrics compared are the “distribution of481

speed” and “distribution of acceleration”. Unlike several other482

metrics of computing from preprocessed results (like from483

SP, USP, SUSP), these two metrics are computed from the484

very raw datapoints in the geospatial-temporal input data. Each485

speed occurrence is calculated from pair of time consecutive486

datapoints of an UID and unit being meters/second. Then each487

acceleration occurrence is calculated from set of three time488

consecutive datapoints of an UID (essentially computing the489

change of speed in two time consecutive speed occurrence490

values), and unit being meters/second2. Figure 6(b) and Figure491

6(c) show that the distribution of speed and distribution of492

acceleration, both overall did not change much across Data-493

1, Data-2, Data-3. One point to note that in representing the494

histogram here as line plot (in both Figure 6(b) and Figure495

6(c)), while each lineplot datapoint consist of normalized496

frequency value or height in histogram and bin in histogram497

(speed bin or acceleration bin), the right edge value of the bin498

was chosen (instead of choosing the left edge of bin, or just499

using the average of right bin edge and left bin edge). This500

affects the visualization of the plots in Figure 6(b) and 6(c).501

Another metric calculated was “speed threshold check”,502

which detects and counts the number of speed occurrences503

where speed exceeds 100 meters/second. This speed threshold504

value is chosen based on microsimulation modeling scopes505

(that were used behind generating Data-1, Data-2, Data-3),506

which is mode of transport as personally owned vehicles but507

not modes like train, bus, airplane. In this metric performance:508

Data-1 had 525 UIDs (out of 10K UIDs) having total 592509

speed violations (out of about 6,048,000,000-10,000 speed510

occurrences); Data-2 had 1,844 UIDs (out of 20K UIDs) hav-511

ing total 3,344 speed violations (out of about 48,384,000,000-512

20,000 speed occurrences); and Data-3 had 1,713 UIDs (out513

of 50K UIDs) having total 2,371 speed violations (out of about514

259,200,000,000-50,000 speed occurrences).515

Lastly, Figure 7 illustrate normalized version of Origin-516

Destination (O–D) matrix calculated and compared across517

Data-1, Data-2, Data-3. The O–D matrix before normalization518

represents the total number of individual trips that occur519

between each pair of Uber H3 hexagons in the area of520

interest. The H3 hexagons with spatial resolution Res-5 [5]521

were extracted that are geospatially present (completely or522

partially) inside the single bounded polygon of the AOI (area523

of interest) in each of Data-1, Data-2, Data-3. Then from524

the pre-normalized O–D matrix, it is normalized in following525

manner. Population trip counts from the H3 hexagons “to” the526

H3 hexagons are normalized so that for each from-hexagon,527

the sum of trip fractions to all the to-hexagons is 1.0. Now528

comparing this normalized (with the “to” aspect) O–D matrix 529

across Data-1, Data-2, Data-3 in Figure 7, it was observed that 530

the O–D trips patterns improved (more geospatial distribution 531

of trips occurring across the H3 hexagons) in Data-2 and 532

Data-3 as microsimulation evolved and improved, compared 533

to Data-1. Taking the set of unique H3 hexagons in Data-1, 534

Data-2, Data-3, there were total 50 unique H3 hexagons (Uber 535

H3 spatial resolution Res-5 [5]) present (and plotted in X and 536

Y axis of the heatmap in Figure 7). 537

Overall Section V-B has validated the capability of DICER 538

system solution in computing large range of preprocessing and 539

mobility metrics rapidly and in highly scalable manner, and 540

the results then enabling deep and multi-faceted analytics and 541

comparsion of mobility metrics performance. Note again that 542

computation times by DICER overall are reported in Table II. 543

544

B. Comparing at Large-scale, the Mobility Microsimulations 545

Data with Real-world Commercial Holdout Data 546

In this Section we have validated how using DICER system, 547

commercial holdout human mobility data can be processed 548

at-scale, for then comparing with the microsimulation output 549

for building reference and benchmarks to real-world human 550

mobility. The large-scale commercially purchased (from rel- 551

evant data vendors in the market) off-the-shelf dataset is 552

described as Data-4 previously in Section III and Table I. 553

We have computed the pre-processing modules in TraKit (SP, 554

USP, SUSP, STTLL) at-scale on Data-4, and then compared 555

distribution with the same in Data-1, Data-2, Data-3. 556

To note that the commercially available holdout data in 557

Data-4 is just 7 days of data from the overall same AOI (area 558

of interest) of Knoxville, Tennessee, U.S. This time duration of 559

7 days matches with that of Data-1, but not with time duration 560

of Data-2 or Data-3. More data acquiring from the commercial 561

data vendors is an ongoing work by us. Besides this, another 562

challenge in Data-4 and also widely in any commercially 563

available geospatial-temporal human mobility data is that the 564

datapoints are: sparse both temporally and geospatially; non- 565

uniform across space and time and across user ids; also have 566

noise added both for privacy and due to instrumentation/data 567

source used. These challenges or deficiencies in data are 568

not present in microsimulation driven human mobility data 569

generation. Therefore fair comparison of at least Data-2 and 570

Data-3 with commercial holdout data is a work-in-progress by 571

us. 572

Figure 8(b) and Figure 8(c) present the computed dis- 573

tribution pattern for Data-4 (compared with Data-1, Data- 574

2, Data-3) for the preprocessing component of SUSP (set 575

unique stop point). The extended range of X-axis for Data- 576

4 in this distribution of SUSPs is potentially due to higher 577

number of users present in the dataset. To note that due to 578

space limitations, the distributions for SP and USP could 579

not be shown here. As for computation time with DICER: 580

SP computation time was about 2 hours (max 150 parallel 581

workers in cluster); USP computation time was about 1 hour 582



((a)) Normalized O–D for Data-1. ((b)) Normalized O–D for Data-2. ((c)) Normalized O–D for Data-3.

Fig. 7: Origin-Destination (O–D) probability matrix calculated for Data-1, Data-2, Data-3. The population trip counts from the
H3 hexagons to the H3 hexagons are normalized so that for each from-hexagon, the sum of trip fractions to all the to-hexagons
is 1.0.

Computation module Computation time on Data-1
dataset

Computation time on Data-2
dataset

Computation time on Data-3
dataset

Pre-processing: Stop points (SP) 1 hour 10 minutes, max 150 par-
allel workers

6 hour 48 minutes, max 150 par-
allel workers (more workers can
make it faster)

about 12 hours, max 200 parallel
workers (more workers can make
it faster)

Pre-processing: Unique stop points
(USP)

7 minutes, max 150 parallel work-
ers

8 minutes, max 150 parallel work-
ers

20 minutes, max 200 parallel
workers

Pre-processing: Set unique stop points
(SUSP)

2 hours 29 minutes, max 150 par-
allel workers (compute time might
have been affected by our other
computing jobs simultaneously ac-
cessing the Google Cloud Big-
Query database I/O bandwidth)

1 hour 35 minutes, max 150 par-
allel workers

1 hour 35 minutes, max 300 par-
allel workers

Pre-processing: Set Timed Trips Link-
ing Locations (STTLL)

2 minutes, max 150 parallel work-
ers

3 minutes, maximum 150 parallel
workers

15 minutes, max 150 parallel
workers

Three metrics computed in batch: (i)
Distance traveled per day; (ii) Radius of
gyration; and (iii) Number of locations
visited

8 minutes, max 150 parallel work-
ers

45 minutes, max 150 parallel
workers

about 5 hours, max 150 parallel
workers (more workers can make
it faster)

Metric: Level of exploration 6 minutes, max 150 parallel work-
ers

30 minutes, max 150 parallel
workers

about 2 hours, max 150 parallel
workers

Multiple metrics: (i) Distribution of
speed; (ii) Speed threshold check; (iii)
Distribution of acceleration

about 30 minutes, used Google
Cloud BigQuery SQL (instead of
using DICER directly)

about 45 minutes, used Google
Cloud BigQuery SQL (instead of
using DICER directly)

about 1 hour, used Google Cloud
BigQuery SQL (instead of using
DICER directly)

Metric: Travel time information 3 minutes, maximum 150 parallel
workers

10 minutes, max 150 parallel
workers

1 hour 10 minutes, max 150 par-
allel workers (runtime may have
been affected by our other compu-
tation jobs accessing database I/O
bandwidth)

Metric: Origin-destination probability

2 seconds, used Google Cloud
BigQuery SQL (from inputs H3
hexagon data, and STTLL from
DICER)

3 seconds, used Google Cloud
BigQuery SQL (from inputs H3
hexagon data, and STTLL from
DICER)

3 seconds, used Google Cloud
BigQuery SQL (from inputs H3
hexagon data, and STTLL from
DICER)

TABLE II: Computation time by DICER system for calculating different pre-processing and metrics in human mobility.
Computation times are reported on different mobility datasets Data-1, Data-2, Data-3 along with notes in some cases.

30 minutes (max 150 parallel workers); SUSP computation583

time was 30 minutes (max 150 parallel workers). To note that584

computing the metrics on Data-4 and comparing with Data-1,585

Data-2, Data-3 are still work-in-progress for us.586

VI. CONCLUSION AND DISCUSSION587

There are compelling needs in the research of large-scale or588

big data scale analysis of geospatial-temporal human mobility589

data, in terms of more sharing of: system architectures very590

specific to this application; process workflow of scalable591

computation; detailed case studies with data at big data scale.592

In an effort to address these needs, in this paper we have 593

presented DICER (Data Intensive Computing Environment 594

and Runtime) system solution for processing and analytics of 595

geospatial-temporal data at big data scale. Detailed description 596

of DICER is provided: application specific system architecture, 597

process workflow for scalable computing jobs, hierarchical 598

processing steps in computing varied mobility metrics. Then 599

extensive case studies are presented with detailed system 600

performance and mobility metrics characterization regarding 601

scalable computing with DICER on large-scale mobility data 602



((a)) Characteristics of metric level of explo-
ration. The plot is visitation frequency(%) vs.
ranked top-10 visited unique locations, aggre-
gated across all UIDs.

((b)) Probability density based distribution for
number of UIDs visiting each of the Set
Unique Stop Points (SUSP). Y-axis is in log
scale.

((c)) Probability density based distribution for
number of UIDs visiting each of the Set
Unique Stop Points (SUSP). Y-axis is in linear
scale.

Fig. 8: Figure (a): Metric metric level of exploration computed across Data-1, Data-2, Data-3. Figure (b) and (c): Distribution
of SUSP (Set Unique Stop Points) computed on Data-4, and compared with same on Data-1, Data-2, Data-3.

from microsimulations and real-world commercial data. Future603

works include increasing the collection of commercial holdout604

data, and then computing and characterizing the metrics on605

the holdout real-world data and comparative analytics with606

the microsimulation outputs.607

Acknowledgments:608

This work is supported by the Intelligence Advanced Research Projects609

Activity (IARPA). The U.S. Government is authorized to reproduce and610

distribute reprints for Governmental purposes notwithstanding any copyright611

annotation thereon. Disclaimer: The views and conclusions contained612

herein are those of the authors and should not be interpreted as necessarily613

representing the official policies or endorsements, either expressed or614

implied, of IARPA, DOE, or the U.S. Government.615

616

This manuscript has been authored by UT-Battelle, LLC, under contract617

DE-AC05-00OR22725 with the US Department of Energy (DOE). The US618

government retains and the publisher, by accepting the article for publication,619

acknowledges that the US government retains a nonexclusive, paid-up, irre-620

vocable, worldwide license to publish or reproduce the published form of this621

manuscript, or allow others to do so, for US government purposes. DOE will622

provide public access to these results of federally sponsored research in accor-623

dance with the DOE Public Access Plan (https://energy.gov/downloads/doe-624

public-access-plan).625

REFERENCES626

[1] Cost-efficient open source big data platform at uber. https://627

www.uber.com/blog/cost-efficient-big-data-platform/.628

[2] k9s. https://k9scli.io/.629

[3] Safegraph architecture. https://www.safegraph.com/blog/datachronicle-630

architecture-achieving-traceability-for-large-scale-data-processing-in-631

safegraph.632

[4] Spark operator. https://github.com/GoogleCloudPlatform/spark-on-k8s-633

operator.634

[5] Uber h3 resolutions. https://h3geo.org/docs/core-library/restable/.635

[6] F. Bai, Narayanan Sadagopan, and A. Helmy. Important: a framework to636

systematically analyze the impact of mobility on performance of routing637

protocols for adhoc networks. In IEEE INFOCOM 2003. Twenty-second638

Annual Joint Conference of the IEEE Computer and Communications639

Societies, volume 2, pages 825–835 vol.2, 2003.640

[7] Dirk Brockmann, Lars Hufnagel, and Theo Geisel. The scaling laws of641

human travel. Nature, 439(7075):462–465, 2006.642

[8] Francesco Calabrese, Massimo Colonna, Piero Lovisolo, Dario Parata, 643

and Carlo Ratti. Real-time urban monitoring using cell phones: A case 644

study in rome. IEEE Transactions on Intelligent Transportation Systems, 645

12(1):141–151, 2011. 646

[9] Christos Doulkeridis, Akrivi Vlachou, Nikos Pelekis, and Yannis 647

Theodoridis. A survey on big data processing frameworks for mobility 648

analytics. SIGMOD Rec., 50(2):18–29, aug 2021. 649

[10] Fosca Giannotti, Mirco Nanni, Dino Pedreschi, Fabio Pinelli, Chiara 650

Renso, Salvatore Rinzivillo, and Roberto Trasarti. Unveiling the com- 651

plexity of human mobility by querying and mining massive trajectory 652

data. The VLDB Journal, 20:695–719, 2011. 653

[11] Marta C Gonzalez, Cesar A Hidalgo, and Albert-Laszlo Barabasi. Un- 654

derstanding individual human mobility patterns. nature, 453(7196):779– 655

782, 2008. 656

[12] James N. Hughes, Andrew Annex, Christopher N. Eichelberger, Anthony 657

Fox, Andrew Hulbert, and Michael Ronquest. GeoMesa: a distributed 658

architecture for spatio-temporal fusion. In Geospatial Informatics, 659

Fusion, and Motion Video Analytics V, volume 9473, page 94730F. 660

International Society for Optics and Photonics, SPIE, 2015. 661

[13] Pan Hui, Richard Mortier, Michal Piórkowski, Tristan Henderson, and 662
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