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Big Spatiotemporal Data Analytics: a research and innovation
frontier

1. Introduction

Big Data have emerged and become the norm in the past decade with its well-known 4V
challenges and now adds value (a 5th V) for scientific research and the development of
new applications. Such Big Data are normally used to record phenomena of interest from
social, physical and economical perspectives. Our 4-dimensional (4D) world with 3D in
space and 1D in time puts a stamp (or a series of stamps) on the data collected, and a
spatiotemporal signature is recorded within most Big Data. We refer to such Big Data with
spatiotemporal stamps as Big Spatiotemporal Data. Big Spatiotemporal Data Analytics is
the study and application of thinking, algorithms, frameworks, tools, and solutions for the
processing of Big Spatiotemporal Data. Most Big Data are produced with space and time
stamps and are samples in sequential observations from various remote, in-situ, mobile
and human sensing systems or simulations. The data can be used to study a variety of
phenomena from global to microscale, for example, how global climate change in the
past centuries has caused the rise of sea level and temperature, and in turn, brought
sometimes catastrophic hazards. At the micro-scale, the study of DNA and cell evolution
has unveil the patterns, vulnerabilities and potential cures for cancer and other diseases.

In the past decade, Big Spatiotemporal Data have driven and enabled innovations in all
aspects of information systems from hardware, algorithms, software/tools, to applications
and fostered the integration of different traditional disciplines to enable new research
directions. Distinct from traditional data analytics, Big Spatiotemporal Data Analytics
demands new frameworks and information attributes (Karim et al. 2018) to obtain results
more efficiently when discovering trends and patterns in various domains from human
dynamics (Fang et al. 2017), traffic congestion (He et al. 2017), smart cities (Machado et al.
2019), industry evolution (Li et al. 2018), medical and health issues (Kraemer et al. 2018), to
brain science (Bassett and Sporns 2017).

To capture the latest advancements in this important research theme, we organized
this special section and conducted a brief review. We searched for and analyzed publica-
tions using the keywords ‘spatiotemporal’ and ‘Big Data’ in the Web of Science with the
intention of identifying only space-time integrated Big Data research. The search found
approximately 300 papers, and we further analyzed the temporality of the publications
and the collaborations among different countries. Section 2 presents a statistical analysis
of the literature identified. Section 3 introduces the papers selected in the context of
scholar contributions; Section 4 analyzes the broad application domains, and Section 5
discusses the future research and innovation directions. We conclude with a vision for
future research and broad impact in section 6.

© 2019 Informa UK Limited, trading as Taylor & Francis Group
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2. Literature analyses

Scholars in most academically active countries have published on Big Spatiotemporal
Data in the past decade (Figure 1). The first paper on Big Spatiotemporal Data appeared in
2009, which implies a 10-year history of scholarship in this field with a rapidly increasing
upward trajectory (Figure 2). Most publications were from the USA and China, but other
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Figure 1. The Big Spatiotemporal Data Analytics publication distribution and collaborations among
different countries (as of 25 Nov 2019).
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Figure 2. The past decade scholarship landscape and trajectory in the Big Spatiotemporal Data area
(as of 25 Nov 2019).
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Figure 3. The emerging topics taken from keywords (upper) and extended keywords (lower) for Big
Spatiotemporal Data research (as of 25 Nov 2019).

developed countries such as Canada, Germany, Japan, Australia and France also contrib-
uted significantly. Collaborations among these countries remain very active (Figure 1).

We further analyzed the emerging concepts of special interest and identified the
following as top keywords in the publications (Figure 3), including those related to
human dynamics (e.g. human mobility, social media, mobile phone data, twitter), tech-
nology and methods (e.g. spatiotemporal analyses, data mining, machine learning, deep
learning, cloud computing, Hadoop/Spark, network), and data and information (e.g. data,
metadata, models, patterns, trajectories, systems). The literature review affirms that
spatiotemporal Big Data analytics is a flourish new research direction with a broad impact
across different disciplines.

3. The special section

Through a rigorous review process, seven papers were selected that represent a variety of
disciplines in landuse, climate change, transportation, human mobility, logistics flow, air
quality and nighttime studies. These studies applied diverse datasets from both physical
and social domains. Together, these papers contributed new algorithms, frameworks,
approaches, and solutions to address specific domain challenges and pushed the
advancement of Big Spatiotemporal Data research. The special section includes the
following papers:
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e To address the labor-intensive and cost challenges of landuse characterization at
the urban-object level, Srivastavaa et al. (2018) proposed a deep learning solution
to automatically mine and predict the fine-grained landuse classes from globally
available open data, such as Google Street View. The solution includes a convolu-
tional neural network with shared layers among different branches of the network
and a variable number of pictures as input. They validated the results using
OpenStreetMap open data and showed better results than those using other
deep-learning methods.

e Zhang et al. (2019) proposed a two-stage transportation analysis approach that
reconstructed individual passenger trips and then clustered the trips using shared-
flow clustering to identify the transit corridors from smart card and bus trajectory
data. The research also analyzed the spatiotemporal distribution of such corridors
and the results can be utilized for transit planning and management.

e Using approximately 10 million taxi trip records in New York and Shenzhen, Gong et
al. (2019) proposed a two-layer framework to extract activity patterns for travel-
purpose prediction and to identify return trips and subsequent activities. They
designated the first layer as an activity inference model (AIM) and the second as a
pairing journey model (PJM) for the two purposes in series. The framework integrate
spatiotemporal clustering, Bayesian probability and Monte Carlo simulations.

e He et al. (2019b) proposed a complex pattern mining algorithm to discover event-
based spatiotemporal association patterns, representative of geographic dynamics.
The algorithm adopts a hierarchical framework to support mining beyond point data
representation, reveal dynamic characteristics of complex geographic phenomena
and discover their associated factors. Using air quality data in the Beijing-Tianjin—
Hebei region, the authors extracted the air-pollution distribution patterns and con-
tributing factors, such as wind, temperature and humidity.

e To support hundreds of terabytes of big climate data, Li et al. (2019) proposed a
scalable online visual analytics system for knowledge discovery in a scalable and
shareable environment. The authors showed three advantages of the proposed
framework: (a) balanced usability and flexibility for climate scientists and other
stakeholders; (b) scalablility and high performance for parallel and swamping in-
memory processing of hundreds of terabytes of climate data; (c) the system is
sharable and reusable for different scientists to easily duplicate the analytical process
and results.

e Based on 10 million orders placed in a 3-year time frame in Hong Kong, Zhao et
al. (2018) conducted three analyses within a logistics-flow framework: (a) spatial
analyses identified the displacement and direction of goods flows and found the
pattern distinctive from human mobility in an urban setting; (b) network analysis
investigated the destination and origin and found that the urban area was
increasingly connected with goods shipments and (c) spatial interaction analysis
revealed that distance was not influential to the spatial distribution of goods
movement.

¢ Using approximately 80 million telecommunication records from the city of Seoul,
South Korea, Kim (2019) analyzed the spatiotemporal patterns of nighttime vitality of
three different city centers within the city. Functional Principal Component Analysis
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(FPCA) was used to analyze the data and revealed the dynamics of time span of
nighttime, the seasonal variations and regional variations in nighttime.

It is notable that although many datasets used are in the open domain, some datasets
(such as data used in Zhao et al. and Kim) are sensitive and demand preprocessing to
assure privacy and mitigate other sensitivity issues.

4, Big Spatiotemporal Data Analytics in action

In addition to the seven papers selected for this special section, the examination of the
past-decade of publications showed extensive research on Big Spatiotemporal Data
Analytics by developing new algorithms, frameworks and approaches.

Spatiotemporal data streams from mobile devices, in-situ sensing, and the Internet of
Things (loT) have been used to analyze communication traffic flow patterns for engineer-
ing design and planning communication networks. The spatiotemporal patterns identified
have been used to, for example, optimize the loT and cellular network deployment using
limited electronic bandwidth effectively (Bothe et al. 2019), detect violations of electro-
magnetic usage (Liu et al. 2019), optimize and improve error detection (Gao et al. 2018),
compress loT data for fast transmission through limited bandwidth to enable real-time
video and audio applications (Moon et al. 2017), and to increase the reliability of a 5G
wireless sensor network. The context of these communication networks includes highly
spatiotemporal dynamical systems, such as urban areas, natural environments, the battle-
field and human health (Chen and Yang 2016, Machado et al. 2019). These and future
spatiotemporal optimizations improve the infrastructure for a variety of applications that
rely increasingly on mobile, IoT and wireless connections.

Urbanization is one of the most significant mass human migrations in the past cen-
turies and has brought many challenges, for example, for crime reduction, public health,
public security and planning (Gong et al. 2012). Spatiotemporal patterns can be mined
from Big Data (social media, phone locations, bus lines and traffic zones) collected within
cities and used to better understand our urban settings and broader patterns such as
human mobility and accessibility (Pappalardo and Simini 2018). This is true also for
population dynamics (Liu et al. 2018a), crash indices (Bao et al. 2019), poverty distribution
(Njuguna and McSharry 2017), segregation based on environment, gender, racial/ethnic
and socioeconomic aspects (Park and Kwan 2017), patterns of social activities for policy
development (Fu et al. 2018), and the stability of urban human convergence and diver-
gence patterns (Fang et al. 2017). For crime reduction and public safety, Big Data (such as
surveillance videos) have been used to improve data service sustainability and to analyze
crime patterns based on city to city distance and connectivity (Kotevska et al. 2017). Big
spatiotemporal data have been used to detect patterns of surveillance in urban settings
(Xu et al. 2016), to identify objects or people in real time for video surveillance (Zhang et
al. 2016), and to provide robust and accurate identification and extraction of objects and
events of interest (Xu et al. 2015b).

Another area of research in Big Spatiotemporal Data Analytics relates to transportation
studies. Big spatiotemporal data, such as probe and social media data, have been
explored to: provide real-time solutions for strategic air traffic management (Xie et al.
2019a); analyze individual trip patterns, reveal fuel-consumption and driving habits (Kan
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et al. 2018); predict road congestion patterns (He et al. 2017); model residents’ travel
patterns (Gong et al. 2016); and predict future traffic by matching a current situation to
the most effective prediction model trained using historical data (Xu et al. 2015a). Open or
derived data are especially useful, e.g. bullet train data in China were used to analyze
travel behavior and station capability (Wei et al. 2017).

The worsening air quality has become one of the most critical urban concerns in the
past decades, especially in Asia (Fuzzi et al. 2015). Chen et al. (2019) utilized bike sensor
data, satellite observations and other data to analyze the hourly, daily and seasonal
patterns of PM2.5/10 and their relationship to different atmospheric conditions. Antonic
et al. (2016) utilized cloud cover data, and published and subscribed to middleware
services to process mobile sensor data for air quality monitoring. The Radial Basis
Function, a real value approximation assignment function, was used to conduct spatio-
temporal interpolation for assessing the trends of PM2.5 air pollution (Losser et al. 2014).
The air quality study effort was also coupled with atmospheric phenomena, such as clouds
and the movement of particles on regional and global scales (Fuzzi et al., 2015).

The rapid movement of populations has also brought many challenges to infectious
disease control and other public health problems (Frumkin 2016). Mobile, health sensor, in-
situ and loT data, in combination with satellite observations, have provided data to
analyze disease (e.g. Ebola and Influenza), to model disease spread and evolution (Chen
et al. 2017) and to model the different forms of infectious disease transmission (Kraemer et
al. 2018). Research has also been conducted to understand the behaviors of vectors that
cause disease spread, such as mosquitos. For example, in-situ sensor data were integrated
with historical data in a national and international open access repository of mosquito
surveillance data to understand Malaria vector population dynamics (Rund et al. 2019).

Big Spatiotemporal Data have also been used in oceanographic, ecosystem, climate
change, and other Earth system sciences. Big climatic, socioeconomic and other spatio-
temporal data have been analyzed to identify the correlation among grassland produc-
tivity, climate and socioeconomic variables (Xie et al. 2019b), to identify and predict forest
loss (Harris et al. 2017), and to understand, predict and manage complex dynamics across
different geoscience domains in a human-centered machine learning strategy, which
ensures machines to continue learning from human and be designed to interact with
human in an effective fashion (Peters et al. 2018, Crandall et al. 2018). Big Data demands
have led to building global archives of essential biodiversity variables (Kissling et al. 2018).
Historical Big Data collected from various sources including citizen sensor networks, such
as Inaturalist, are used in the studies of zoology, botany, biodiversity, tsunamis, earth-
quakes, climate change and other geosciences (McKinley et al. 2017).

In the same context, Big Spatiotemporal Data have been used to improve the under-
standing of natural hazards, including floods, earthquakes, landslides, volcanic eruptions
and tsunamis (Martinez-Alvarez and Morales-Esteban 2019). The Big Data have been used
to analyze the recovery zones (such as hurricanes Sandy and Irene in New York City, Zhu et
al. 2016), to investigate the pre-, peri- and post-stages of natural hazards for compliance
measurement of responses/evacuation (Martin, Li, and Cutter 2017), and to optimize the
resource deployment for hazard mitigation based on victim activity patterns mined from
social media data, images and in-situ sensor observations.
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5. Future directions

Big Spatiotemporal Data present a challenge to automate the extraction of actionable
information and knowledge. The need for more accurate and reliable understanding and
predictions requires improvements to sensor and system architecture, analytical methods,
and data processing tools. The challenge still prevents Big Spatiotemporal Data Analytics
from reaching its full potential (Yang et al. 2019).

Improvements to Big Spatiotemporal Data science requires improvements in rules and
thinking. Spatiotemporal thinking (Yang et al. 2011) integrating interdisciplinary knowl-
edge through a spatiotemporal framework is important to harness the wealth of cross-
domain knowledge and to fully understand Big Spatiotemporal Data (Yang et al. 2017).
New thinking uncovering hidden rules and new frameworks are needed to devise new
methods so that patterns embedded can be revealed within improved conceptual frame-
works (Karim et al. 2018). Progress are being made, for example developing new methods,
to analyze Big Spatiotemporal Data using machine learning for natural hazards (Martinez-
Alvarez and Morales-Esteban 2019). Efficiently integrating Big Data from different spatio-
temporal scales is critical to Big Earth observation data for earth system sciences (Hu et al.
2018). Methods with spatiotemporal segmentation, feature selection, texture and fractal
spectrum analysis, object recognition and semantic understanding are being developed
to find patterns from image, audio, video and other multimedia data for surveillance (Xu
et al. 2016). In addition, research are also conducted on accurate identification of objects
and events of interest (Xu et al. 2015b) for real-time crime fighting (Zhang et al. 2016).
Spatiotemporal proximity analyses are also being devised for many physical and social
studies (Fang et al. 2017).

Big Spatiotemporal Data, especially open and social media data, are heterogeneous in
their spatial, temporal, and semantic formats across resolutions, subjects and sources.
There is an increased need for cross-scale data fusion, including integration across various
sources and interpolation across spatiotemporal domains. New models and frameworks
are required for integrating data to study air pollution, vector-borne diseases, ecological
and climate relationships, and hydrological systems. For example, weighted- and unmix-
ing-based as well as sparse representation can be used to fuse data with different
spatiotemporal resolutions from the Landsat-7 and MODIS satellite observations (Wei et
al. 2018) for ecological and land use studies.

Big Spatiotemporal Data are obtained from various sources and archived, processed at
different computing modes, such as cloud computing, mobile computing, edging com-
puting and wearable computing. Optimizing and intgratively utilizing such Hybrid com-
puting modes are critical to release the full power of Big Spatiotemporal Data Analytics.
For example, how to best leverage cloud computing based on the collocation of the data
and computing power is critical to support large scale scientific research and engineering
development, such as global land cover study (Liu et al. 2018b) and network simulations
(Igbal et al. 2019). Continuously equipping loT devices with ubiquitous and intelligent
computing capability would help improve the timeliness in detection and rapid response
(Al-Turjman 2019). Increasingly sharing and empowering mobile computing with smart
(health) devices would help both increasing monitoring capability and customizing
services to individuals as needed (Williams et al. 2018).
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New and interdisciplinary algorithms for the analysis of moving objects are needed for
various domains such as disease spread, forecasting social events and human dynamics
(Fang et al. 2017) because the increasing complexity of available data types and inter-
disciplinary engagements. Traditional Big Data tools are often not capable of supporting
Big Spatiotemporal Data. For example, research has expanded Hadoop with capabilities of
spatial indexing, spatiotemporal indexing (Li et al. 2017b), and trajectory analytics (Bakli et
al. 2019). New machining-learning algorithms such as clustering, feature selection and
extraction methods that can efficiently handle spatiotemporal and factor connections for
Big Spatiotemporal Data are needed to analyze the data generated from social media and
citizen sensing data, such as taxi and public transit. Further needs include methods that
use these data to identify public threat events and patterns (Tang et al. 2019) and to
forecast urban traffic patterns (Pavlyuk 2019) in a timely and accurate fashion. Clustering
trajectories using GPUs has been shown to be critical to speed up computation and
improve data mining capabilities in Big Spatiotemporal Data, such as for video and audio
sensors (Deng et al. 2015). Mining patterns, information and knowledge automatically
from Big Spatiotemporal Data may require us to ‘reinvent the wheel’, that is to adapt
known algorithms and redesign or invent new ones that can utilize patterns and princi-
ples of different spatiotemporal contexts (Shekhar et al. 2015).

In terms of models, Bayes' rules and Monte Carlo simulations have been revised with
spatiotemporal focus to develop models of residents’ travel patterns (Gong et al. 2016). A
prediction model was proposed to learn from the current traffic situation (or context) in
real-time and predict future traffic by matching the current situation to the most similar
historical data (Xu et al. 2015a). A multilevel model of meme diffusion was developed to
illustrate the applications of Influenza outbreaks, the Ebola epidemic and marijuana
legalization (Yang et al. 2016). As the nature collection of multidisciplinary nature of
machine learning indicates that the integration of domain knowledge with models
needs active research for processing Big Spatiotemporal Data for new domain knowledge
and methodology (https://www.nature.com/collections/csgqqgsrfxh).

Big spatiotemporal data analysis now draws on new analytical frameworks. For exam-
ple, deep learning can be expanded to a spatiotemporal framework for different scales of
problems in space and time in the recognition of citywide crash patterns (Bao, Liu, and
Ukkusuri 2019). The integration of cyber-physical systems requires new frameworks and
models to provide integrated management, collaborative observation, scalable proces-
sing/fusion and intelligent services (Zhang et al., 2018). For example, a systematic work-
flow management framework was developed for complex and real time event-driven
applications in transportation and air pollution to integrate in-situ sensors and virtual
simulations automatically (Alvarez, Morales and Kraak 2019).

However, to reach a broader impact and improve ease of use, the algorithms and
methods for big spatiotemporal data should be implemented as new or extensions of
commercial and open-source software (Wang et al. 2019). Visualization tools developed in
the past are mostly for a single purpose, but a more flexible visualization approach is
needed for Big Spatiotemporal Data for event visualization and the exploration of com-
plex phenomena (He et al. 2019a). For example, spatiotemporal algorithms should be
further developed into versatile software to handle various analytics of climate data (Li et
al. 2017a), Earth observations (Xia et al. 2018), social media, real-time loT data and others.
Such software should be able to reduce storage requirements, improve query/access
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performance, and facilitate more convenient analytics for the broad spatiotemporal
domains.

An integrative understanding of space and time is essential for policies in smart cities, in
communities and our daily lives (Kitchin 2019), especially related to data sharing, geospatial
privacy and sensitive data protection. Integrating cutting-edge technologies such as geos-
patial artificial intelligence, high performance computing and Graphics Processing Unit
processing is critical to handle Big Spatiotemporal Data to support new software tools for
revealing sensitive patterns of value to policy formulation, such as transit usage (Aqib et al.
2019). Utilizing crowd-sourced data involves issues of data quality, noise removal and
privacy, but are valuable in many different domains of human and physical sciences, such
as in the study of urbanization and climate change. Early spatiotemporal context aware and
privacy aware frameworks were investigated to provide secure and private access to multi-
media Big Data (Samuel et al. 2015), but this remains a topic of research interest until mature
solutions were developed.

6. Towards a new generation geographical information system and sciences

The continuous innovation in response to the demands of Big Spatiotemporal Data
Analytics not only leverages the advancements of many relevant innovations, such as
cloud computing and Al (Yang et al. 2017), but also serves as an innovation collision point
by providing abundant data to enable new scientific discoveries and next-generation
engineering applications, therefore, it cultivates a new generation of GIS. In addition to
driving new thinking, algorithms, models, frameworks, and software, the research on Big
Spatiotemporal Data Analytics are also enabling and advancing progress on the many
grand engineering and application challenges of the twenty-first century that will change
our lives fundamentally. For example,

e Completely safe driverless cars will only be technically possible if we integrate and
mine a variety of static, dynamic, real-time data by considering all environment
driving conditions (such as terrain, roads, rainy, pedestrians, traffic hours) through
deep and continuous data analysis (Schimbinschi et al. 2017).

¢ Similarly, the integration and analysis of industrial Big Spatiotemporal Data could
help connect to logistics flow and implement predictive maintenance and reduce
energy use in industrial and manufacturing facilities in the industry 4.0 era for smart
manufacturing (Yan et al. 2017).

e Spatiotemporal contexts, patterns, or principles extracted from data, usage, sensors
and computing are critical to ensure sustainable geographical information services
for massive accesses to web mapping-based routing (Li et al. 2018), for VR/AR
enabled situation awareness (Chen et al. 2018), and for decision-making support
tools for smart cities, transparent governance and critical operations.

e The evolution of the IoT has brought machine intelligence to devices in our daily-life
from cars, beds, refrigerators, TVs, to office equipments. A smart living environment
will be based on the sustainable, reliable and trustworthy operations of the loT
devices relying on real-time and accurate analyses of the data generated by them
using Geospatial Al (GeoAl) or Al for loT (Al-Turjman 2019). Lastly,



10 (&) EDITORIAL

e Open systems and solutions can help us integrate data that were previously not
possible to understand, manage, and discover new patterns of urbanization (Liu et
al. 2015), human dynamics (Cao et al. 2015), sustainable development (Xu et al.
2015), and of public and individual health (Williams et al. 2018) to support decisions
for better, peaceful and more prosperous lives.
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