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The increasing availability of movement data and rapid advancements in artificial intelligence have opened 
new frontiers in movement pattern analysis with implications for a wide range of domains such as urban 
planning, transportation management, public health, pandemic management, disaster response, and wildlife 
conservation. The sensitive nature and heterogeneity of novel movement data, however, create technical 
and methodological challenges around data governance and open movement analytics. This article explores 
these challenges and identifies key opportunities for the geography discipline to drive analytical advances in 
human mobility research and open science. In this vision, the geographic perspective is emphasized in future 
developments of artificial intelligence for movement research for its ability to enrich mobility analyses with 
spatial and temporal context. Strategies for effective governance of large-scale mobility data are discussed, 
with special attention to fostering open science and reproducible research practices to ensure transparency 
and transferability in this rapidly evolving field. Key Words: big data, GeoAI, location privacy, movement 
analytics, open science.

M
ovement research1 is a multidisciplinary 
field bridging geography, computer science, 
data science, human mobility, and move

ment ecology (Miller et al. 2019; Mokbel et al. 
2024). It aims to understand how individuals inter
act with their environments and others (Dodge 
2021), through five core processes (National 
Academies of Sciences, Engineering, and Medicine 
2019): (1) developing methods to represent, investi
gate, and describe movement behaviors and patterns; 
(2) employing reasoning to contextualize patterns; 
(3) using theory, observation, and evidence to model 
and predict behavioral responses; (4) disseminating 
research outcomes; and (5) informing application 
domains such as urban planning, emergency and 
pandemic preparedness, and conservation.

In pursuit of these goals, researchers have 
advanced spatiotemporal methodologies2 to analyze 
individual trajectories and aggregate movement data. 

Implementation of these analytics has accelerated 
across diverse domains, including health care science 
(Oliver et al. 2020; Linardon et al. 2025), healthy 
aging (R€ocke et al. 2023), sports and fitness sciences 
(Rana and Mittal 2021), urban resilience (Haraguchi 
et al. 2022), sustainable transportation (Miller 
2020), urban analytics (Su, Newsham, and Dodge 
2024; W. Xu 2022), maritime research (Del Mondo 
et al. 2021), and wildlife ecology (Nathan et al. 
2022). These approaches facilitate the extraction 
of meaningful patterns and the identification of driv
ers shaping movement across spatial and temporal 
dimensions.

Two advancements have driven movement 
research forward (Mokbel et al. 2024): First, 
advanced sensing technologies provide unprece
dented access to high-resolution, large-scale move
ment data. These data sets offer detailed information 
about movement of individuals in human, 
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technological, and ecological systems, recorded in 
diverse formats, scales, and modalities, generated at 
volumes that far exceed what traditional mobility 
studies could accommodate. Second, rapid develop
ments in geographic artificial intelligence (GeoAI) 
are redefining pattern recognition and predictive 
modeling within movement research. GeoAI refers 
to AI-driven approaches—including machine learn
ing (ML), deep learning (DL), large language models 
(LLMs), and generative AI (GenAI) techniques–– 
that integrate geospatial data and geographic princi
ples about space and place to solve data-intensive 
geographic problems (W. Li et al. 2024). GeoAI 
along with the emerging and foundational models 
have substantially augmented the analytical power of 
movement research for a broad spectrum of tasks, 
including extracting knowledge from vast unstruc
tured digital information, movement pattern discov
ery, behavior analysis, and movement response 
predictions (Mai et al. 2024).

Given the impact of big data, AI, and the grow
ing urgency for open and reproducible science, this 
article presents a forward-looking vision for the dis
cipline of geography, particularly GIScience, to guide 
future advancements in movement research. We 
establish this vision by examining contemporary 
challenges and opportunities at the intersection of 
movement data, AI innovations, and open science. 
Following a conceptual overview, we trace the field’s 
progress through the data, open science, and AI rev
olutions, framing contemporary challenges as cata
lysts for methodological innovation. We then 
outline a future research agenda. Although we 
acknowledge the broad relevance to movement ecol
ogy (Miller et al. 2019; Dem�sar et al. 2021), our pri
mary focus remains on frameworks specific to human 
movement.

Movement: A Multidimensional and 
Multiscale Process

Movement is a multidimensional process unfold
ing across a space–time–context continuum, and is 
observed through two different data collection per
spectives (Laube 2014; Dodge 2021). The Eulerian 
perspective is a place- or space-based measure 
recording movement at fixed locations or aggregated 
within spatial units, such as public transit smartcard 
logs, call detail records (CDRs), or visit counts at 
points of interest (POIs) or census tracts. In 

contrast, the Lagrangian perspective follows an 
entity-based principle, capturing detailed individual 
trajectories over time via Global Positioning System 
(GPS) tracking or location-based apps. Although 
data generated from these two perspectives can occa
sionally be transformed (e.g., aggregating trajectories 
into flow counts or reconstructing paths from CDRs 
or check-in records), they require distinct storage 
formats and analytical methods.

Movement patterns emerge at the intersection of 
three primary scales: spatial (ranging from micro- 
local to macro-global), temporal (short- to long- 
term), and social (from individual to collective, 
where “collective” could mean a household, a com
munity, or an entire population). As illustrated in 
Figure 1, movement observations capture a spectrum 
of processes: Fine-grained, individual routing deci
sions at the microscale are typically captured via the 
Lagrangian perspective, whereas coarser meso- and 
macrolevel behaviors (e.g., global migration pat
terns) emerge through aggregate data analyzed via 
the Eulerian lens. Ultimately, the selected measure
ment perspective and data representation models 
inherently shape the understanding of these 
processes.

At the spatial scale, movement is represented 
through trajectories, networks, or thematic maps 
(Dodge and Noi 2021). Trajectories capture fine- 
scale, individual-level paths as continuous routes or 
semantic stop-move sequences, where stops denote 
activity places and moves describe the transitions 
between them (Parent et al. 2013). Trajectories pro
vide precise information about where, when, and 
how movement occurs. In contrast, networks (e.g., 
mobility, transportation, or disease dispersion net
works) model movement between locations as ori
gin–destination (OD) flows (Nanni et al. 2020; 
Chin et al. 2024). Networks provide information of 
where individuals are and when and what locations 
they visit, without depicting the exact routes. 
Thematic maps use polygons or tessellations to map 
movement intensity (e.g., visitation counts, in-flows, 
out-flows) within spatial units (Zhong and Bian 
2023). These aggregate representations reveal popu
lation-level regularities and where movement is con
centrated but lack the individual-scale how found in 
trajectory data.

At the temporal scale, movement ranges from 
high-frequency, short-term microsteps (e.g., routing 
decisions) to long-term processes (e.g., daily 
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commutes, migration). Movement can be seen as a 
sequence of local choices made at specific times, 
such as destination choice, mode of transport, depar
ture time, and specific routes. Fine-grained time
stamps capture immediate behavioral shifts, whereas 
coarser intervals reveal stable trends in macro-urban 
mobility.

At the social scale individual microsteps aggregate 
into interactions between individuals (e.g., dyads, 
social groups), to collective patterns of households 
and populations in cities or regions. Whereas micro
steps occur at high frequency, population-level 
movement patterns typically evolve over longer 
durations. These patterns are further shaped by envi
ronmental and structural factors, as well as interper
sonal interactions (Dodge and Nelson 2023). These 
factors are often integrated as contextual variables 
(attributes or thematic layers) to investigate the 
underlying drivers or motivations behind movement 
patterns (the why questions).

Current Progress and Pressing Challenges

Until the advent of affordable GPS trackers in 
the early 2000s, and the subsequent proliferation of 
smartphones, movement observations were primarily 
collected via travel surveys and radio telemetry, 
resulting in trajectory data sets that were relatively 

small, context-light, and characterized by coarse 
temporal resolution. Since the late 2000s, technolog
ical and methodological advances, occurring along
side the broader data and AI revolutions, have 
facilitated new insights and expanded the utility of 
movement analytics. This section reviews existing 
progress and challenges as they relate to data and 
methods, with a central focus on the AI develop
ments and promoting open and reproducible 
analytics.

Dimensions of Heterogeneity in Movement Data

Although expanding access to movement data 
creates new research opportunities (e.g., study of 
detailed movement patterns at the population level), 
it introduces significant challenges in managing mul
tidimensional data sets collected across diverse 
modalities (e.g., through cell phone apps, CDRs, or 
in-situ counters) and scales. Contemporary data sets 
frequently integrate Lagrangian (object-based) and 
Eulerian (field-based) perspectives. For example, by 
annotating individual trajectories with environmen
tal remote sensing or population density data, 
researchers can enrich high-volume movement data 
with complex geographic and environmental con
texts. This allows for an analysis that considers both 
the path of the individual and the characteristics of 

Figure 1.  Movement processes occur across spatial and temporal scales through movement of individuals or collectives (e.g., dyads, 
groups, population). These processes can be observed through Lagrangian and Eulerian perspectives. Note: POI¼ point of interest.
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the space through which they move. Such heteroge
neity, however, complicates data representation, 
integration, and privacy preservation. For example, 
movement data could be represented as discrete 
points at locations of interest, or as aggregated flows 
within tessellations, networks, or polygonal maps. 
Geographers have long addressed heterogeneity as it 
pertains to spatial data structure (vector, raster, net
work), scale, and granularity (Goodchild 2004). 
Movement data, however, introduce unique dimen
sions of heterogeneity, including different collection 
modes and perspectives (Lagrangian vs. Eulerian), 
structural forms (e.g., OD networks vs. trajectories 
and time series), and social granularity (individual 
vs. collectives). Consequently, traditional geographic 
frameworks must evolve to accommodate these 
unique dimensions of movement-specific heterogene
ity. Additionally, individual-level data pose particu
lar challenges to privacy preservation. For example, 
data that are captured in trajectory forms must be 
preprocessed to mask identifiable information (e.g., 
significant home work locations) or be aggregated in 
different forms and granularity.

Moreover, heterogeneity in data scale creates 
additional challenges when passing from one scale to 
another, whether moving from fine-grained local 
observations of short-term events at microscale (e.g., 
stop-moves) to broader regional and long-term pat
terns (e.g., commuting, migration) at meso- and 
macroscales, or vice versa. These transitions are 
rarely straightforward, as the spatial relationships 
and contextual drivers observed at one resolution 
might dissipate or transform at another due to 
scale-dependent processes and aggregation effects. 
Consequently, methodological complexities arise 
when performing cross-scale analysis on data sets 
containing nested patterns (Ahearn and Dodge 
2018) across multiple spatiotemporal resolutions 
(e.g., from micromovements and short-term trips to 
daily commutes) or when integrating data captured 
from disparate Eulerian and Lagrangian perspectives. 
These challenges fundamentally limit the generaliz
ability of movement analytics when results are 
extrapolated across varying spatial or temporal 
scales.

Geographic research has managed data heteroge
neity through developing established ontologies, 
which have facilitated the development of robust 
geographic information systems (GIS) techniques for 
map generalization, data integration, and cross-scale 

analysis (Brassel and Weibel 1988; Fonseca et al. 
2002). Conversely, movement research has remained 
less guided by ontology-driven frameworks, resulting 
in fragmented solutions for addressing data granular
ity. Hornsby and Egenhofer (2002) proposed the 
“geospatial lifeline” following H€agerstrand’s (1970) 
time geography as a framework to model individual- 
level trajectory data across different spatial and tem
poral scales. Yan et al. (2008) provided a founda
tional trajectory ontology by combining spatial and 
temporal ontology components (stops, moves, time, 
and geospace). Parent et al. (2013) extended this to 
the concept of semantic trajectories by adding con
textual information and activity types to the loca
tion of stops. Although these developments have 
been valuable in spatiotemporal query and moving 
object analysis, there remains a critical void in uni
versal frameworks capable of integrating Lagrangian 
and Eulerian perspectives across different aggregation 
structures and scales.

Uncertainty in Contemporary Movement Data

Following the COVID-19 pandemic, providers 
such as Cuebiq, Mapbox, and SafeGraph (now 
Advan) expanded access to aggregated mobility data 
for research through “Data for Good” initiatives. 
These data sets, however, originate from opaque, 
fluctuating sets of smartphone applications, compli
cating transparency regarding the underlying user 
base, tracking change over time. Although these 
resources enabled rapid responses to crises, they pre
sent significant challenges for long-term and valid 
inquiry. At the same time, many mobile-driven data 
sets capture on average about 7.5 percent of the 
U.S. population (Z. Li et al. 2024), with coverage 
varying significantly across space, time, demo
graphics, environment, transport mode, and activity 
type (Heidger, Nelson, and Willet 2025). For exam
ple, Figure 2 illustrates how signal persistence is 
often confined to high-traffic corridors, leaving sec
ondary roads, pedestrians, and remote areas with 
unreliable sparse observations. Moreover, not all 
individuals carry smartphones, and contributing apps 
are not used uniformly across the population 
(Sourbati and Behrendt 2021; Fischer, Nelson, and 
Winters 2022). Similarly, although user-generated 
social media traces have been instrumental in map
ping regional mobility (Hawelka et al. 2014; 
Q. Huang and Wong 2015), inherent temporal gaps 
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and sample biases constrain their utility for granular 
behavioral discovery. Therefore, these contemporary 
movement data require rigorous preprocessing and 
explicit considerations during analytical modeling to 
avoid skewed scientific conclusions (Mokbel et al. 
2024).

Researchers often shift to high-resolution individ
ual-level GPS traces to bypass aggregate data limita
tions, yet these remain inherently noisy. Spatial and 
contextual attributes can contain substantial gaps 
and errors caused by technical challenges of tracking, 
signal loss, or environmental interference (Park and 
Kwan 2025). Spatial errors fluctuate based on envi
ronmental conditions, such as indoor versus outdoor, 
weather patterns, and the built environment. 
Moreover, temporal gaps emerge when devices are 
inactive or located in remote areas with sparse signal 
coverage. Furthermore, population representativeness 
remains a fundamental challenge: Because data are 
anonymized, the demographic profiles of individuals 
are often indeterminate.

Limitations of Movement Data for Open and 
Reproducible Science

Open science relies on data that can be shared, 
reused, and critically examined. Although reposito
ries such as Movebank (Kays et al. 2022), Microsoft 
Geolife (Zheng et al. 2011), Vessel Traffic AIS por
tals (Tritsarolis, Kontoulis, and Theodoridis 2025), 
and various micromobility portals have catalyzed 
innovation, fully open human mobility data remain 
scarce. Most high-resolution data sets are proprietary, 
costly, or restricted by terms of use. Even when 

accessible, a lack of shared standards and metadata 
often limits interoperability and the comparability of 
results.

The primary barriers to open repositories are loca
tional privacy, commercial interests, and data het
erogeneity. High-resolution trajectories inherently 
reveal sensitive information, including habits, life
style, home and work addresses, and even health or 
religious affiliations (Monreale and Pellungrini 
2023). Consequently, researchers are often unable to 
share raw trajectory data without obfuscating identi
fiable information, such as precise coordinates or 
demographic attributes. Although necessary, these 
privacy-preserving practices can introduce spatial 
gaps and inconsistencies that hinder reproducibility.

Because robust anonymization is difficult to guaran
tee, most open human mobility data sets are provided 
mainly in aggregate form. Although aggregation 
reduces privacy risks, it constrains the types of ques
tions that can be addressed and creates a “data gap” 
for academic researchers who are disadvantaged by 
the high costs of data license fees or even inaccessibil
ity of private-sector data. The recent transition of 
mobile location data sets behind paywalls reflects 
both the economic interests of data providers and the 
liability of handling sensitive information. As a result, 
high-resolution research is typically restricted to small 
groups of collaborators governed by costly contracts. 
This limits external replication unless the research 
generates secondary, nonidentifiable data, creating a 
significant barrier to open science.

To safeguard personal data, regulations such as 
the General Data Protection Regulation (GDPR; 
European Union 2016) and other data protection 

Figure 2.  Mobile location data around Lake Fire (2025) in Santa Barbara County, California. The left map illustrates mobile data 
coverage aggregated over one month. The right map highlights areas where activity signal persisted for at least seven days.
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laws (Lim and Oh 2025) impose strict rules on the 
collection, storage, processing, and transfer of move
ment and personal data. These include limited lawful 
bases for collection of personal data, restrictions on 
data retention and purpose, and adherence to data 
minimization principles. Because GDPR does not 
apply to anonymous information that is not identifi
able to a natural person (Recital 26, GDPR), 
researchers frequently rely on anonymization, pseu
donymization, or aggregated data products (Monreale 
and Pellungrini 2023; Yao et al. 2024). Although 
these frameworks introduce constraints on data 
access, processing, and innovation, they are essential 
for safeguarding personal privacy and must be central 
to any future vision for open and reproducible 
human movement research.

Advancements in Open Movement Analytics

Geographers have long been leading efforts in 
developing open and reproducible approaches to spa
tial data science and GIScience research (Brunsdon 
and Comber 2021; Kedron et al. 2021). These efforts 
have resulted in the development of widely adopted 
open geospatial tools such as PySAL (Rey and 
Anselin 2010) and QGIS (Graser, Sutton, and 
Bernasocchi 2025), as well as crowdsourced maps 
such as OpenStreetMap and guidelines for open 
GIScience processes (Shannon and Walker 2018). 
In movement research, these practices have become 
more prevalent in recent years, particularly in move
ment ecology (Joo et al. 2020) Human mobility sci
ence has begun to adopt open data and code 
practices. Examples of trajectory analysis Python 
libraries include MovingPandas (Graser 2019), 
Trackintel (Martin et al. 2023), ORTEGA (Su, Liu, 
and Dodge 2024), and scikit-mobility (Pappalardo 
et al. 2022).

A review of open public movement analytics 
libraries indicates a lack of standardization in tool 
development (Graser and Dragaschnig 2020). These 
tools, often developed using diverse programming 
languages, tend to be application-specific, making it 
challenging to assess their cross-applicability with 
various data sets. There is also the question of best- 
of-breed algorithms available in such software pack
ages. For instance, most of the preceding packages 
will offer some functionality for stop detection from 
trajectory data, and many further algorithms have 
been published in the literature for that purpose. It 

is difficult to assess, however, which of these algo
rithms actually best serves the purpose, despite full 
availability and transparency of source code. 
Moreover, the lack of accessibility to raw data sets 
(see the previous section) and original analytical 
code presents a major challenge to the reproducibil
ity of research using mobile location data, making 
large-scale human movement studies nearly impossi
ble for the broader scientific community and creat
ing obstacles for global research initiatives.

Progress in Data Fusion and Data Integration to 
Contextualize Movement and Enhance Data 
Quality

Movement is driven (constrained or facilitated) 
by internal and external contextual factors such as 
behavior and the surrounding environment, biologi
cal markers, policy, and infrastructure (Dodge and 
Nelson 2023). Movement data are frequently col
lected in isolation from contextual variables, 
however. Furthermore, as mentioned earlier, the 
inherent complexities of tracking often result in 
incomplete data sets, with gaps and missing informa
tion. As a result, advanced data integration and 
fusion methods have become essential for contextu
alizing movement patterns and linking them to envi
ronmental and behavioral information (Nathan 
et al. 2022), and to combine multiple sources of 
movement data.

Contextual data integration, linking trajectories 
with geographic, environmental, and behavioral varia
bles, supports more comprehensive and meaningful 
knowledge discovery (R€ocke et al. 2023). For instance, 
spatial interpolation can be used to align trajectory 
data with environmental and socioeconomic data sets 
(e.g., population or the built environment) across 
space and time, creating enriched observations that 
reveal movement–context associations (Dodge et al. 
2013). In contrast, data fusion is employed to synthe
size multiple sources and scales of observations to 
enhance data quality and mitigate sparsity. For exam
ple, tensor decomposition approaches have been used 
to fuse multimodal movement data (e.g., POI visits 
and activity indexes) to enhance the continuity and 
fidelity of movement observations for longitudinal 
studies (Noi and Dodge 2023).

Several studies have systematically reviewed data 
fusion and integration techniques, across a range of 
applications, including human activity analysis, 
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intelligent transportation systems, and smart cities 
(Lau et al. 2019; Ounoughi and Ben Yahia 2023). 
Despite significant progress in data fusion and inte
gration, persistent challenges remain. Current meth
ods often struggle with imputation of gaps in long 
trajectories, addressing missingness in aggregate 
mobility data, and inconsistent sampling rates and 
data collection across large populations or complex 
environments. A few studies have applied statistical 
approaches and deep learning techniques in filling 
short gaps for GPS trajectory data and computing 
movement parameters (Barnett and Onnela 2020), 
and removing erroneous trajectory points using 
enhanced map matching (Wan and Dodge 2025).

Emerging GeoAI Paradigms for Movement 
Analytics

Graser, Jalali et al. (2025) highlighted the trans
formative role of GeoAI in movement analysis. The 
applications include trajectory segmentation and 
behavioral mode classification (Dabiri et al. 2020), 
anomaly detection (Belhadi et al. 2021), map 
matching (Wan and Dodge 2024), trajectory predic
tion (H. Li, Jiao, and Yang 2023), and trajectory 
synthesis and generation (Rao, Gao, and Zhu 2023; 
Kapp, Hansmeyer, and Mihaljevi�c 2024). DL models, 
such as recurrent neural networks, attention-based 
architectures, convolutional neural networks, and 
generative models including generative adversarial 
networks, have been used to predict future move
ment paths and traffic flows (Altche and De La 
Fortelle 2017; Feng et al. 2018), and forecast next 
activity locations based on historical trajectory data 
(Q. Liu et al. 2016). These models excel at captur
ing temporal dependencies and complex, nonlinear 
movement patterns, making them well-suited for tra
jectory data sets. More recently, LLMs have emerged 
for trajectory representation and reasoning (Nie, 
Sun, and Ma 2025). By treating movement as 
semantic sequences of stops and moves, LLMs can 
infer trip purposes and demographic attributes (Gong 
et al. 2024; Luo et al. 2024), reconstruct paths from 
text (L. Liu et al. 2025), predict mobility (Liang 
et al. 2024), and generate synthetic mobility data 
sets for model validation and scenario testing (S. Li 
et al. 2024; Van de Weghe et al. 2025).

Despite these advantages, emerging GeoAI and 
LLM-based approaches face notable limitations in 
movement analytics. Although LLMs are effective at 

capturing high-level patterns, they often struggle 
with microlevel details such as irregular trajectories, 
varying spatial resolutions, and the influence of 
external or rapidly changing contextual factors. To 
address these shortcomings, recent work has explored 
hybrid frameworks that combine LLMs with 
retrieval-augmented generation (RAG) frameworks 
(Yuan, Zhang, et al. 2025). By retrieving relevant 
external knowledge or historical trajectory data, 
RAG-enhanced models can provide richer contex
tual grounding and improve performance in complex 
spatiotemporal settings, particularly when data are 
incomplete or noisy (H. Xu et al. 2025). Despite 
this, LLMs remain prone to hallucinations, where 
they generate outputs that might appear plausible 
but are factually incorrect. The risk of hallucinations 
can lead to misleading predictions or flawed insights. 
As a result, although LLMs can offer valuable high- 
level insights, their application in precision-driven 
fields remains limited without further refinement in 
handling fine-grained, context-specific information 
(Nie, Sun, and Ma 2025).

Broader challenges further constrain AI adoption. 
These models require large volumes of high-quality, 
representative data for proper training, yet move
ment data sets are often sparse, biased, or incomplete 
as previously discussed. These issues can result in sys
tematic underrepresentation of certain populations 
or regions and introduce missingness that limits 
model generalizability (B. Hong et al. 2021). 
Consequently, training DL models inevitably 
becomes difficult, and the resulting outputs might 
not capture the full complexity of real-world 
movement patterns (Yuan, Ding, et al. 2025). 
Additionally, the high computational costs of train
ing AI models, coupled with the fact that many data 
sets reside on closed, paywalled platforms, create sig
nificant technical and financial barriers for the 
development of advanced AI-driven solutions in 
movement analytics.

Future Outlook

Data Governance: A Call for an Academically Run 
Movement Data Consortium

Future advances in human movement research 
require open tracking data supported by transparent, 
reproducible analytical methods. In animal ecology, 
Movebank provides a leading model for secure data 
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management through tiered privacy protection and 
metadata disclosure (Kays et al. 2022). Building on 
this, Malekzadeh et al. (2025) proposed the 
OpenGPS platform, which emphasizes encryption 
and access control for human movement. Although 
the Open Geospatial Consortium (OGC) and the 
Open Mobility Foundation (OMF) provide essential 
standards for spatial interoperability and shared- 
mobility formats (e.g., MDS), their frameworks are 
primarily optimized for industrial utility and urban 
governance. A gap remains not in the consideration 
of standards, but in their implementation and appli
cation within a researcher-centric ecosystem. 
Existing consortia focus on interoperability for 
shared transportation modes (e.g., e-scooters, taxi); 
however, they lack the specific models required to 
host the high-resolution, longitudinal high-resolution 
traces necessary for scientific discovery.

An academically run consortium would bridge 
this gap by acting as a “trusted third party” to man
age the legal and ethical frameworks that OGC and 
OMF are not designed to navigate for the global 
research community. By prioritizing reproducibility 
over commercial application, this entity would 
implement OGC standards to ensure high-resolution 
trajectory data are not only standardized but also 
accessible for rigorous peer-reviewed study. Given 
the sensitive nature of human trajectories, such a 
trusted entity is essential to navigate the surveillance 
implications of granular, real-time monitoring. By 
establishing transparent governance structures, the 
consortium could build public trust and foster inter
national collaboration through privacy-preserving 
computation and robust consent management 
systems. Key strategies to be established by the 
consortium include real-time anonymization, 
privacy-preserving computation methods, metadata 
standards, robust consent management systems, 
sustainable operating models, and the development 
of shared ethical frameworks that ensures responsible 
data use across jurisdictions (Anthony 2025).

The consortium could establish standardized meta
data schemas to enhance the reproducibility, replica
bility, and generalizability of movement research. 
Comprehensive metadata should delineate the con
text and scales of the processes captured, alongside 
the sensor specifications, spatial resolution, and spa
tiotemporal coverage of the data set. Furthermore, it 
should provide demographic details regarding the 
subject population, specifically defining inclusion 

and exclusion criteria, and the data collection meth
odology, including a full inventory of contributing 
applications and whether passive (background) data 
collection occurred. Critical technical metadata 
should address location uncertainty, systematic miss
ingness, and privacy safeguards, such as consent 
provenance and anonymization protocols. Finally, 
documentation should include the underlying algo
rithms used to derive mobility metrics, such as trans
portation mode detection, distance calculations, 
visitation counts, and dwell times, as well as any 
baseline data sets incorporated during analysis.

To promote open science, academia and industry 
should collaborate on developing shared secure 
repositories, benchmark data, and standardized proto
cols for creating anonymized human trajectories and 
aggregate indexes. By implementing strict deidentifi
cation policies, these resources could be made freely 
available for research while balancing scientific pro
gress with personal privacy (Malekzadeh et al. 2025). 
Private intelligence and mobility analytics companies 
could also adopt these standards and contribute to 
the consortium by offering reduced-cost or open- 
license access for academic institutions, thereby 
furthering “Data for Good” initiatives beyond pan
demic-related research. Such partnerships would 
unlock the potential of movement analytics for pub
lic health, urban resilience, and emergency planning 
while maintaining high ethical standards.

Data Quality: Addressing Bias, Representation, and 
Privacy

To advance the field, there is a pressing need for 
innovative approaches that can intelligently interpo
late missing data, integrate multiple sources of 
mobility data and auxiliary contextual information, 
and quantify uncertainty in both individual and 
aggregate mobility analyses. The development of 
robust and flexible and cross-domain data fusion 
frameworks capable of combining various forms of 
individual- and aggregate-level data will be critical 
for generating more complete, reliable, and meaning
ful behavioral insights from movement data, because 
movement itself is only the manifestation of behav
ior, whereas the reasons that actually trigger the 
movement, and thus behavior, lie in contextual fac
tors and the environment. Additionally, open data 
must be accompanied by robust preprocessing strate
gies and thorough exploratory data analysis to ensure 
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transparency and readiness for movement analytics. 
Movement research efforts should seriously take sam
pling biases into account and develop strategies to 
enhance the representation and address data bias in 
analysis, for example through spatial poststratifica
tion methods (Anganuzzi and Buckland 1993) or 
generating synthetic, more representative population 
(Embury et al. 2024).

Moreover, addressing and acknowledging data rep
resentation (considered population) and data quality 
issues prior to data sharing and providing compre
hensive documentation and data collection protocols 
will enhance the ethical usage and sharing of loca
tion data (Nelson et al. 2022) and support open 
movement research. These documentations should 
describe the scope and limitations of the data collec
tion approach, the operational scales of the data 
(spatial, temporal, and social), movement and con
textual variables, known data quality issues, and rec
ommendations for handling those issues. For an 
example of a data protocol that could be adopted in 
GPS tracking studies to enhance future use and 
reproducibility, see R€ocke et al. (2023).

Benchmarking: The Necessity for Synthetic and 
Benchmark Movement Data Sets

There is a fundamental distinction between data 
volume and its actual utility. Although “big data” 
offers very large, high-resolution trajectories, and 
long-term observations at a global scale, it often 
remains “sparse” regarding spatial coverage, demo
graphic representation, and temporal continuity, lim
iting its utility of the investigation of processes at 
different scales (Figure 1). This creates a paradox in 
modern movement research and for GeoAI develop
ments: We have an abundance of unlabeled, noisy, 
and biased opportunistic data (e.g., mobile location 
data), yet we lack the high-quality, labeled bench
marks required to train and validate precise models.

Future efforts must focus on creating benchmarks, 
defined as standardized, task-specific data sets with 
fixed evaluation protocols that serve as shared 
“ground truth” for comparing algorithms on clearly 
defined problems at specified scales and contexts 
(Figure 1). Examples include labeled data for trans
portation modes, routing preferences, activity types 
(e.g., commuting vs. recreation), and evacuation 
strategies. These data sets provide the verified labels 
necessary to represent complex processes accurately, 

serving as an essential baseline for evaluating and 
comparing algorithmic performance in movement 
classification and prediction. Typically generated 
through controlled studies, longitudinal surveys, or 
high-fidelity simulations, benchmarks provide the 
verified labels required to represent complex pro
cesses accurately, while safeguarding privacy via syn
thetic alternatives.

Following the success of benchmarks in remote 
sensing and computer vision benchmarks (X. X. Zhu 
et al. 2017), the community can develop “ground 
truth” trajectory data sets through data challenges, 
hackathons, and crowdsourcing initiatives 
(Russakovsky et al. 2015). Recent advancements 
include WorldTrace, a global GPS trajectory data 
set with road-level semantics (Y. Zhu et al. 2024), 
and WorldMove, a synthetic privacy-preserving 
global mobility data set generated via diffusion mod
els integrating population, POI maps, and flow data 
(Yuan, Zhang, et al. 2025). Developing such resour
ces for movement analytics remains a significant 
challenge, but it is a pressing need for the field’s 
advancement.

Anonymized trajectory data sets, enriched by 
detailed behavioral and contextual data, are vital for 
training models in classification, segmentation, 
anomaly detection, and interaction analysis. 
Achieving this would require large-scale survey stud
ies such as the California Household Travel Survey 
(NuStats 2013), which have supported mobility 
research (Su, McBride, and Goulias 2020). The high 
cost and privacy concerns of human subject research 
at large scale, however, often necessitate government 
management. Although these aggregate-level efforts 
enhance population-scale research, we note that 
nuanced, individual-level behavioral discovery 
remains dependent on access to high-resolution tra
jectory data and customized, domain-specific analyti
cal frameworks.

Simulation offers a promising alternative for 
generating large, synthetic trajectory data sets 
(Technitis et al. 2015; Yuan, Zhang, et al. 2025). 
Universal models that satisfy both diverse utility and 
privacy protection are still lacking, however. There 
is in fact a need for clearer utility definitions, trans
parent evaluation protocols, and real-world test cases 
to guide model development and ensure practical 
relevance (Kapp, Hansmeyer, and Mihaljevi�c 2024). 
The research community should leverage AI and 
LLMs to develop advanced movement simulation 
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techniques and GenAI models that can produce rep
resentative synthetic trajectories reflecting a range of 
contexts and behaviors. Ontologies, discussed in 
detail in the next section, or other preexisting, struc
tured data about geographical facts (e.g., historical 
trajectories), could also be used in RAG frameworks 
(Van de Weghe et al. 2025; Yuan, Zhang, et al. 
2025), allowing LLMs to be augmented by a system 
component that retrieves given facts about the real 
world and thus improves the accuracy and trustwor
thiness of simulated trajectories (and reduces the 
likelihood of LLM hallucinations). Future research 
should also leverage AI models that can learn emer
gent patterns from smaller samples of high-quality 
data sets (Hollmann et al. 2025), to generate realis
tic movement patterns that better represent larger 
populations. Synthetic data generated by these mod
els must be subject to rigorous validation frame
works, such as checking for physical plausibility 
(e.g., speed and connectivity constraints) and statis
tical alignment with real-world distributions.

Finally, synthetic data generation serves as a 
dual-purpose strategy: It addresses data sparsity due 
to spatial and temporal data gaps as well as lack of 
continuity, while acting as a privacy-preserving 
mechanism through the decoupling of individual 
identities from movement patterns. Future research 
should focus on exploring how AI-driven simulation 
can enhance the diversity and representativeness of 
movement data sets, improve the scalability of data 
generation, and support the development of more 
generalizable movement analytics models.

Standardization: Developing Movement Ontologies 
and Standardized Mobility Metrics

Beyond benchmark and synthetic data sets, and 
responding to the challenge mentioned previously, 
we advocate the development of domain-specific 
movement ontologies grounded in geographic sci
ence (Fonseca et al. 2002; Agarwal 2005). 
Formalizing the concepts, entities, and relationships 
inherent in movement processes (e.g., disease disper
sion, mobility disruption, accessibility, or environ
mental exposure) is critical for situating trajectories 
and aggregate movement data within their broader 
geographic context across the three spatial, temporal, 
and social scales. These ontologies provide the 
semantic structure necessary to bridge the gap 
between AI developers and domain experts, 

facilitating more robust collaborations. By establish
ing a common logical language across disciplines 
such as geography, urban planning, public health, 
and transportation, ontologies ensure that patterns 
are identified using consistent definitions. 
Furthermore, this semantic clarity enhances the 
capacity for AI-driven logical reasoning, allowing 
models to infer behavioral patterns with greater con
textual accuracy and improving the interoperability 
of disparate data sources. Integrating semantic and 
topological ontologies into the AI training process 
might reduce the data hungriness of these algorithms 
(discussed earlier) by providing the model with 
structural priors, thereby enhancing both the inter
pretability and the knowledge discovery capabilities 
of the resulting models.

In parallel, the field requires a standardized library 
of movement metrics and open-source algorithms. 
Establishing a unified suite of aggregate measures 
(e.g., visitation frequencies, movement rates, and 
activity classifications) is vital for cross-data-set com
parability. Similarly, suites of metrics should also be 
developed and agreed on to describe daily mobility 
on the individual level. For example indicator sets 
for use in health and aging studies, see Perchoux 
et al. (2014) and Fillekes et al. (2019). When these 
metrics are coupled with standardized computational 
procedures and transparent parameterization, the 
research community can generate more scientifically 
grounded and reproducible measures of movement. 
Such standardization facilitates a transition from iso
lated, site-specific case studies toward comparative 
analyses that generalize across diverse geographical 
and social contexts. Ultimately, achieving this rigor 
requires extending taxonomical foundations (Dodge, 
Weibel, and Lautensch€utz 2008) to provide a com
prehensive characterization of movement descriptors 
and processes.

Computational Advancements: Expanding Next- 
Generation Analytics and GeoAI

Addressing data complexity challenges requires 
next-generation movement analytics that provide 
privacy-preserving, cross-scale solutions capable of 
supporting a wide range of movement and contex
tual data across different scales and formats. Future 
systems must enable scalable, real-time integration of 
multisource data, tackling the complex task of syn
chronizing heterogeneous data streams, ranging from 
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legacy systems to high-velocity, real-time feeds, 
while harmonizing spatial and temporal resolutions. 
This entails overcoming challenges such as managing 
computational scalability, ensuring interoperability 
across diverse platforms, and maintaining data con
sistency. Promising solutions include adopting 
stream-processing architectures, leveraging distrib
uted edge–cloud computing, and implementing stan
dardized application programming interfaces and 
reference frameworks to enable scalable seamless 
data fusion (Mokbel et al. 2024).

Because movement data inherently integrate spa
tial, temporal, and auxiliary context, effective repre
sentation requires creative visualization techniques 
that extract patterns without compromising individ
ual location privacy. Methods optimized for specific 
data sets often fail to generalize across domains; 
therefore, it is imperative that new analytics remain 
open, transparent, and extensible. To ensure broad 
adoption, developers should provide comprehensive 
documentation, standardized data schemas, and 
open-source implementations that illustrate tool 
application through published case studies. For 
example, DynamoVis uses the standard Movebank 
data format to generate dynamic visualization of 
movement trajectories integrated with environmen
tal factors (Dodge, Toka, and Bae 2021). The stan
dard structure has enabled its adoption by movement 
ecologists. Other examples of open libraries with 
documentation and usage guidelines include OSMnx 
for visualizing complex street networks (Boeing 
2017), ORTEGA for movement interaction analysis 
(Su, Liu, and Dodge 2024), and the MovingPandas 
library for general-purpose movement data handling 
and mapping (Graser 2019).

GeoAI has already proven transformative for 
movement analysis, offering sophisticated tools for 
extracting insights from high-dimensional spatiotem
poral data (Luca et al. 2023; Pappalardo et al. 2023). 
Although the majority of these developments have 
occurred in the computer science and machine 
learning community, it is necessary for researchers to 
bring a geographic perspective to developing more 
spatially explicit techniques that are grounded in 
spatiotemporal theories and that are better suited for 
movement pattern analysis at various spatial and 
temporal granularities. For instance, incorporating 
the first law of geography regarding the spatial auto
correlation can enable a DL model to generate more 
realistic mobility flows across geographic spaces, 

even with scarce training data (Simini et al. 2021). 
Moreover, the movement contexts of geographic 
spaces are increasingly being captured and modeled 
using multisource geospatial data, such as points of 
interest and street-view imagery, and spatial repre
sentation learning techniques, significantly improv
ing the accuracy of mobility predictions (Y. Hong 
et al. 2023; F. Huang et al. 2025).

Significant opportunities remain to deepen the 
integration of geographic theory within AI-based 
movement analytics (Van de Weghe et al. 2025). 
Following the revolution in computational map gen
eralization (Brassel and Weibel 1988; Burghardt, 
Duchêne, and Mackaness 2014), GeoAI models must 
be enhanced by incorporating contextual information 
and knowledge of the movement processes involved 
for plausible pattern recognition, knowledge discov
ery, and abstraction. Future research should leverage 
ontologies to improve the generalizability of AI and 
DL models, particularly when extracting representa
tive patterns from biased or imperfect tracking data. 
Additionally, developing scalable generative methods 
to synthesize domain-specific benchmark data sets 
will be crucial for model validation. As these technol
ogies evolve, the research community must prioritize 
ethical frameworks and robust privacy-preserving 
measures to ensure the responsible use of location 
intelligence (Mokbel et al. 2024). For example, feder
ated learning enables multiple mobility data providers 
to collaboratively train models on movement data 
without sharing raw, sensitive records (Gecer and 
Garbinato 2024; Graser, Lorencio Abril 2025). By 
keeping data local and only exchanging model 
updates, it preserves privacy while still capturing pat
terns across providers.

Finally, critical research is needed to mitigate hal
lucinations in LLMs and generative AI during trajec
tory analysis and prediction. To ensure physical and 
logical consistency, as discussed earlier, AI models 
must be grounded in movement ontologies and for
mal knowledge graphs that serve as domain-specific 
“fact-checkers” (S. Li et al. 2024; Liang et al. 2024). 
By anchoring LLMs within an ontological frame
work, models can be constrained to adhere to valid 
entity behaviors and transitions. Furthermore, given 
the strong power and flexibility of graphs in model
ing spatial (e.g., street network topologic graph and 
POI accessibility graphs) and nonspatial relationships 
of geographic environments and agents, another 
promising direction is to integrate graph learning 
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with LLMs to enhance the reasonability and reduce 
spatial hallucinations in trajectory analysis and pre
diction (Jin et al. 2024; Chai et al. 2026). A 
straightforward example is that a LLM can be given 
a street network description beyond the generation 
prompts to generate a more plausible trajectory (Wu 
et al. 2024).

Methodological Rigor: Leveraging Causal Inference 
for Movement Research

Because movement research is largely data-driven, 
with few controlled experiments and often unknown 
data generation processes, reasoning causality is fun
damentally challenging. Correlations discovered in 
observational movement data analysis can be misin
terpreted as causal, leading to misleading conclusions 
or even misguided policy interventions. To move 
beyond descriptive analytics, future research must 
leverage the conceptual and methodological founda
tions of causal inference to rigorously quantify the 
relationships between movement patterns and their 
drivers. In recent years, there has been a growing 
interest in using causal discovery and causal effect 
estimation methods for movement research, with 
applications including, but not limited to, under
standing the causality between urban form and travel 
behavior, identifying causal relationships in traffic 
states, and evaluating causal effects of transportation 
policy interventions (M. Xin et al. 2021; Dong, 
Zhang, and Zhang 2025).

Future research agendas should prioritize the 
refinement of spatiotemporal causal inference to 
account for the unique interference effects inherent 
to mobility, such as spatial spillover and temporal 
carryover. Although progress has been made in 
modeling spatiotemporal dimensions (Kolak and 
Anselin 2020; Akbari, Winter, and Tomko 2023) 
and mitigating dependence effects (Papadogeorgou 
and Samanta 2023; Runge et al. 2023), there is a 
critical need for frameworks specifically engineered 
for the high-velocity data streams and the continu
ous trajectory data. Establishing robust benchmarks 
for spatiotemporal causal models (Credit and 
Lehnert 2024) will be essential for validating these 
methods across different geographical contexts.

Furthermore, the integration of causal inference 
and machine learning and AI combines complemen
tary strengths for movement research. AI’s strong rep
resentation power and scalability accelerate causal 

discovery and effect estimation from large-scale mobil
ity data. In turn, causal inference also strengthens the 
interpretability and robustness of AI models in move
ment analysis by focusing on causation rather than 
merely association (Y. Xin et al. 2022). Recent advan
ces in world models, which explicitly capture latent 
environmental structure and the consequences of 
actions, offer a complementary pathway toward more 
reliable, causally consistent mobility prediction (Le 
Cun 2022). Therefore, we envision a move toward 
causally augmented AI, where models are grounded in 
causal reasoning to enhance the analysis, prediction, 
simulation, and interpretation of movement data. 
Recent studies have already yielded promising results. 
For example, augmenting trajectory forecasting with 
causal features improves generalizability and reliability 
in unseen environments. (Y. Liu et al. 2022). 
Furthermore, counterfactual explanations increase the 
transparency of black-box models (Wang et al. 2025), 
and causal interventions enable the generation of con
trolled synthetic data sets to test “what-if” scenarios in 
mobility prediction (Y. Hong et al. 2025). Given the 
rapid development of LLMs and its widespread adop
tion, causal inference has also been used to enhance 
LLMs’ reasoning ability and logical deduction, miti
gate hallucinations, and improve robustness against 
adversarial attacks (X. Liu et al. 2025). For example, 
LLMs can be trained or fine-tuned using data anno
tated by known cause-and-effect relationships or 
guided by causal graph structures during reasoning 
(e.g., causal chain-of-thought). By integrating causal 
knowledge into LLMs, the research community can 
develop “responsible AI” frameworks that move 
beyond pattern matching to understand the why 
behind movement. This transition from “correlation- 
based” to “causation-based” movement analysis is vital 
for creating reliable, actionable insights for urban 
planning, public health, and social policy.

Open Science: Moving toward a Culture of Open 
Movement Research

Reproducibility, replicability, and generalizability 
are fundamental to open science, ensuring the reli
ability and trustworthiness of scientific inquiry 
(National Academies of Sciences 2019). Achieving 
computational reproducibility necessitates that the 
movement data and code used to develop methods 
and insights be made publicly available, a goal that 
could be realized through the establishment of an 
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open movement data consortium. Replicability, or 
the ability to obtain consistent results across inde
pendent studies, must be evaluated in relation to the 
specific study context, the underlying generative pro
cesses, and the spatial and temporal scales of move
ment patterns. Furthermore, generalizability aims to 
extend insights derived from a specific subset of 
moving entities or locations to broader populations 
and diverse geographical settings.

The core components of movement research are 
movement data and analytical methods, with both 
originating from, and applying to, a range of applica
tion domains, including human mobility and animal 
ecology. To foster open science and reproducible 
movement research, these components must adhere to 
the FAIR (Findable, Accessible, Interoperable, and 
Reusable) data sharing principles, which were intro
duced in 2016 to improve data-driven science and dis
covery (Wilkinson et al. 2016). Enhancing 
reproducibility requires that movement observations 
be accompanied by comprehensive metadata as 
described earlier (Kinkade and Shepherd 2022; 
Malekzadeh et al. 2025). Similarly, analytical code 
must be published with rigorous documentation regard
ing the spatiotemporal constraints of the algorithms, 
enabling researchers to independently verify findings 
and transfer knowledge across disciplines. Beyond indi
vidual data sets, standardized and openly available 
methods facilitate cross-setting replication, and collab
orative platforms allow diverse research groups to test 
and extend localized findings to a global context.

Looking ahead, the evolution of open movement 
research lies in the transition from static and iso
lated data sharing to dynamic, interoperable knowl
edge ecosystems through a trusted data consortium. 
Future research should prioritize the development of 
comprehensive repositories where code, data, and 
ontologies are linked, allowing for replication across 
varying context, scales and resolutions. By leveraging 
decentralized frameworks and privacy-preserving fed
erated learning, the research community can tran
scend the limitations of siloed data sets, enabling 
the discovery of universal laws of movement that are 
robust to geographic and social variations. 
Ultimately, the goal is to establish a global “research 
commons” for movement research, where the syn
thesis of geographic theory and open-source AI 
empowers researchers to address urgent societal chal
lenges, such as pandemic and disaster response and 
urban climate adaptation.

Roadmap: Open Research Questions

Building on the challenges already identified, we 
propose the following set of research questions to 
guide future work. Addressing these challenges by 
integrating intellectual contributions from geogra
phy, GIScience, AI, and computer science provides 
a pathway for movement research to evolve into a 
more cohesive and interdisciplinary science. In this 
collaborative future, GeoAI will move beyond pre
dictive modeling to provide deeper insights into the 
underlying drivers of movement patterns, while 
upholding rigorous privacy standards through secure, 
ethical systems. These research frontiers represent a 
strategic roadmap toward a unified, transparent, and 
impactful ecosystem for open movement research.

� Data, privacy, and ethics: How can an academically 
run consortium implement a privacy-preserving and 
ethical federated query system that enables the 
analysis of high-resolution mobility without raw data 
ever leaving its secure origin?

� Data integration and data fusion: What are the 
characteristics of contextual data integration and 
fusion frameworks to effectively combine sparse GPS 
trajectories with environmental and social auxiliary 
data to correct for systemic sampling biases and data 
gaps in digitally underrepresented populations?

� Generative AI: To what extent can generative AI 
models leverage small-sample, high-resolution seed 
data (e.g., travel surveys with GPS tracking of a 
subset of a population) to synthesize representative, 
large-scale populations that accurately reflect the 
behaviors of the overall population?

� Benchmarking: Can a unified library of movement 
metrics serve as a gold standard to benchmark GeoAI 
performance across both Lagrangian and Eulerian 
representations, and diverse scales from 
micropedestrian maneuvers to macro-urban flows?

� Ontologies and LLMs:

� How can GeoAI frameworks integrate 
spatiotemporal ontologies with LLMs to improve 
logical consistency and mitigate spatial 
hallucinations in mobility predictions?

� To what extent can formal movement ontologies 
be leveraged to enable the generation of 
physically plausible trajectories in LLMs 
compared to purely data-driven approaches?

� Causal inference: How can causal modeling be 
integrated into GeoAI frameworks to distinguish 
between coincidental correlations and true behavioral 
drivers in multisource mobility data?
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� Interoperability and open science: What are the defining 
characteristics of open-standard code libraries and 
data standards required to ensure cross-disciplinary 
interoperability and reproducibility in movement 
research across diverse data scales and formats?

Conclusions

This article reviewed the transformative develop
ments and emerging opportunities within the field of 
movement research. We examined the critical chal
lenges to building an open, reproducible, and ethical 
research ecosystem—obstacles that are amplified by 
the large-scale, multidimensional, heterogeneous, and 
privacy-sensitive nature of modern movement data. To 
address these barriers, we propose, centered on the 
establishment of ethical governance through academi
cally run consortia, the development of scalable infra
structure for multimodal, multisource data integration, 
and the creation of standardized benchmarks and 
movement-specific ontologies. Furthermore, we advo
cate for the advancement of GeoAI founded on formal 
movement ontologies to capture emergent behavioral 
patterns, alongside the integration of causal inference 
to move beyond correlation toward meaningful knowl
edge discovery and robust behavioral modeling.
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Notes 
01. Movement research is also known as mobility 

research, movement data science, data-driven 
movement analysis, or computational movement 
analysis. In this article we use the term movement 
research to refer to the field, and movement analysis 
or movement analytics to refer to the computational 
and data-driven methods used to study movement 
patterns.
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02. Collectively referred to as movement analytics, 
movement analysis, or mobility analytics.
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