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Urban construction and development rely on the efficient use of geospatial
information. The urban spatial information platform (USIP) serves as a centralized
hub for managing and applying multisource urban data. However, the increasing
volume and complexity of urban data pose significant challenges in management
and processing. This article systematically reviews the theory and technology of
USIP, analyzing its current status and future directions. We explore the diversity of
data sources in urban scenarios and their characteristics. For data management,
we review organization and storage technologies, and for data processing, we
analyze architectures and mainstream methods. Furthermore, several practical
applications of USIP and its impact on urban development are discussed. This
study examines USIP’s advancements from a full-chain perspective, encompassing
data acquisition, technological implementation, and key applications, offering
valuable insights for future research and practice.

s global urbanization accelerates, modern
Acities have become hubs for population, re-

sources, economic activities, and centers for
data production and application. However, they also
face complex challenges, including traffic congestion,
environmental pollution, and resource disparities. The
essence of urban operation lies in the intricate interac-
tions of multiple factors, necessitating the use of infor-
mation technology to achieve comprehensive percep-
tion and refined management.' Inthis context, the urban
space information platform (USIP) has emerged as an
indispensable tool for enhancing urban governance
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and improving service quality. USIP integrates multi-
source urban data to enable comprehensive percep-
tion, dynamic analysis, and intelligent decision making,
providing a robust technical foundation for smart city
development.? With the rapid expansion of data and
the growing complexity of urban systems, addressing
the challenges of efficient data management and utili-
zation has become increasingly imperative.

In recent years, advancements in multiple frontier
technologies like the Internet of Things (loT), artifi-
cial intelligence (Al), big data, and cloud computing
have significantly expanded USIP's capabilities and
applications.® loT devices and sensor networks en-
able real-time data collection, while Al enhances
predictions and optimizations for complex urban sys-
tems.*> Additionally, 5G and edge computing improve
real-time response, and digital twin technology offers
innovative approaches for 3-D modeling and dynamic
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urban simulations.®”® However, these technologies
also pose challenges, such as managing increasingly
complex data and meeting high-performance pro-
cessing and service demands for cross-departmental
collaboration.’ Addressing these problems will help
shape future research directions and guide practical
applications.

Research on USIP has advanced significantly in
data management, processing, intelligent analysis,
and cross-domain applications. For data manage-
ment, advancements in spatiotemporal databases,
cloud storage, and distributed architectures have
enhanced data organization and sharing, particularly
for complex geospatial and dynamic sensor data.® In
data processing, methods that leverage deep learning,
reinforcement learning, and graph computing offer ro-
bust support for spatiotemporal pattern recognition,
dynamic prediction, and complex system optimiza-
tion. Moreover, USIP applications have expanded into
critical domains such as traffic management, environ-
mental monitoring, and disaster emergency response,
significantly improving urban operational efficiency
and driving industrial development.

Despite these advancements, the development
and evolution of USIP face a series of challenges that
demand further research and practical solutions. One
major issue is the lack of unified formats and stan-
dards for multisource data, which hampers efficient
data integration and sharing. Additionally, meeting the
high-performance demands of large-scale, real-time
data processing remains a significant challenge, par-
ticularly in dynamically evolving urban scenarios.
Furthermore, the diverse demands and complex con-
ditions among cities challenge the versatility and scal-
ability of USIP. Addressing these challenges requires
continued innovation in processing architectures and
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collaboration among urban planners, technologists,
and policy makers.

Therefore, in this work, we provide 1) an analysis of
urban data sources and the characteristics of different
types of data, 2) a discussion of USIP's technical ad-
vances and challenges in data management and pro-
cessing, and 3) an examination of typical applications
of USIP in smart cities and other fields, showing its
broad prospects for future research directions.

Data sources form the foundation of USIP, directly
influencing its analytical capabilities and application
scenarios. Given the diversity, complexity, and het-
erogeneity of urban data, it is essential to classify and
understand the characteristics of these sources.' Data
sources can be broadly categorized, and their specific
types and characteristics are summarized in Table 1for
clarity and reference. For instance, sensor-based data
include environmental sensors for meteorological,
noise, and air quality as well as traffic sensors like cam-
eras and microwave radars, which are widely distribut-
ed across urban areas. Additionally, city-related data
can be classified based on temporal dimensions and
spatial coverage, depending on the specific application
scenarios. The inherent temporal and spatial heteroge-
neity of urban data, especially from dynamic sources
such as sensor and traffic data, requires real-time pro-
cessing to ensure timely and accurate analysis.

The continuous enrichment of urban spatial in-
formation data is closely tied to advancements in
collection methods, which have become increasingly
diverse. With the rapid development of information
and communication technologies, common data col-
lection methods now include sensor networks, re-
mote sensing satellites, drones, and big data crawlers.
Figure 1 shows the multisource heterogeneous data

TABLE 1. Main categories of urban spatial information data sources.

Data category Sample data source

Characteristic

Sensor-based data
smart street lights

loT devices such as weather sensors and

Real time and dynamic, covering environmental
monitoring, traffic, building monitoring, and so on

Remote sensing image
data

Satellite and drone photography

High resolution and multispectral, but with limited
timeliness

Socioeconomic data
activity records

Government statistics and business

Population and economic information, the data
cycle is long but the impact is far-reaching

Traffic data
bicycle tracks

Bus card swiping records and shared

Space and time intensive

Social media and

crowdsourced data content

Weibo geo-tag data and user-generated

Unstructured, dynamic, and with a strong social
orientation
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currently available around urban scenes. Each method
is tailored to specific application scenarios and data
requirements. For example, lidar, as an active sensor,
can rapidly collect high-density point cloud data with
a high frame rate, making it ideal for high-precision
measurements and 3-D modeling.” However, urban
data collected through different methods often exhibit
quality issues, such as inaccuracies, incompleteness,
and inconsistencies, posing significant challenges for
subsequent data management and processing. More-
over, challenges remain in the widespread adoption of
data collection technologies, including the high cost
of acquiring high-precision data, the need for stronger
data privacy protection and ethical safeguards, and
the fragmentation caused by scattered sources and a
lack of unified standards.

To meet the increasingly extensive and complex
data application needs, the relevant technologies that
surround data acquisition must also adapt to the ev-
er-changing real-world foundation. In the future, the
evolution and utilization of data sources will progress
in several key directions. First, it is essential to break
down data silos and promote unified data management
standards to achieve more comprehensive data inte-
gration. Second, new data collection methods, such
as social media, mobile device data, drones, and con-
nected vehicle data, can be introduced. Additionally,
intelligent data collection, combined with Al for auto-
mated data filtering and classification, presents signif-
icant growth potential. Most importantly, establishing
secure and reliable privacy protection mechanisms will
be crucial to balance data openness and protection.

Data management serves as the core of USIP, offering
essential technical support for the storage, process-
ing, and utilization of multisource heterogeneous ur-
ban data. This section focuses on data organization
and storage, emphasizing their key role in enabling
efficient storage and retrieval. It further explores the
necessity of data quality control and evaluation to en-
sure reliability and underscores the role of data securi-
ty in maintaining data integrity and accessibility.

Data Organization and Storage

Data organization and storage form the foundation
of USIP data management, directly influencing query
efficiency, storage costs, and system scalability. With
the increasing scale and diversity of urban data, tradi-
tional single-node storage architectures have become
insufficient, driving the adoption of distributed, cloud,
and edge storage as key solutions. Meanwhile, the

spatiotemporal characteristics of urban data impose
new demands on data models and indexing technol-
ogies to ensure efficient organization and retrieval.
Next, we discuss three key points in data management
technology: data model, storage architecture, and spa-
tiotemporal index.

Data Model

The data model describes data, their relationships,
and operational rules, providing an abstract frame-
work for representing information and facilitating
operations within database systems. In USIP, it spec-
ifies the structure, storage, and access methods of
data, offering a standardized approach for integrat-
ing and managing multisource heterogeneous urban
data. By leveraging data models, complex urban data
can be processed into formats that are interpretable
and operable by computer systems, enabling efficient
storage, querying, and analytical operations. There are
now various types of data models, including vector
models, raster models, spatiotemporal data models,
hierarchical data models, and graph data models, each
tailored to specific data structures and application
requirements.”® Selecting the appropriate data model
based on data characteristics and application needs is
essential as it bridges the gap between physical data
storage and logical user requirements, enabling users
to interact with complex data structures through sim-
plified interfaces.

The spatiotemporal data model represents data
with both spatial and temporal attributes. By inte-
grating spatial and temporal data models, it effective-
ly handles spatial data that change over time. Urban
spatial information data are defined not only by their
location and distribution in the spatial dimension but
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also by their changes and dynamics in the temporal
dimension. As a key model for organizing and storing
spatiotemporal data, they enable the efficient pro-
cessing, storage, and querying of dynamic informa-
tion, supporting the analysis of temporal variations
and spatial patterns. In the spatiotemporal data mod-
el, the spatial dimension is typically represented by
geometric data, such as points, lines, and polygons,
which define the location and form of urban objects.
The temporal dimension captures the time attributes
of the data by using time stamps, time intervals, or oth-
er time-based representations. The strength of spatio-
temporal data models lies in their ability to manage
large-scale, dynamic datasets, offering robust support
for spatial analysis and time-series analysis. In USIP
research, this model applies to various scenarios, in-
cluding urban traffic flow prediction, environmental
change monitoring, and real-time positioning services.
Overall, the spatiotemporal data model plays a crucial
role in enhancing the intelligence and decision-mak-
ing capabilities of USIP.

Distributed Storage

The data storage architecture is critical to data man-
agement and access efficiency and directly impacts
the platform's overall performance, including scal-
ability, fault tolerance, and reliability. Traditional sin-
gle-node storage, limited by capacity and coverage,
is insufficient to meet the demands of managing
large-scale urban data. To address these challenges,
distributed storage systems have emerged, enabling
the storage of data across multiple physical nodes
while ensuring high availability, scalability, and fault
tolerance. Mainstream distributed storage technolo-
gies, such as Hadoop HDFS, Ceph, OpenStack Swift,
and Google File System, support the distributed stor-
age and processing of large-scale data, offering effi-
cient read-write performance and robust data backup
mechanisms.* Furthermore, cloud storage, built on
distributed architectures, offers on-demand storage
services, effectively addressing dynamic and flexible
storage requirements in modern urban applications. In
the context of cloud-edge-end collaborative develop-
ment, edge storage also plays a crucial role. It reduc-
es data transmission delays and supports application
scenarios with stringent requirements for real-time
data processing and localized storage.

Managing diverse types of urban data ultimately
relies on database systems for data archiving, storage,
and access interfaces to support operations such as
adding, deleting, modifying, and querying data. How-
ever, different data types necessitate appropriate data
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models for accurate representation and recording,
along with suitable database systems to ensure effi-
cient storage and management. Based on data orga-
nization and application requirements, database sys-
tems can be categorized into relational, nonrelational,
and graph. Relational databases, such as MySQL and
PostgreSQL, are ideal for storing structured data, in-
cluding city demographic information and traffic flow
records. Nonrelational databases, on the other hand,
are better suited for semistructured or unstructured
data and offer flexible data models and superior scal-
ability to handle diverse and dynamic urban datasets.
To manage the massive and continuously growing
volume of urban spatial information data, including
satellite imagery, video surveillance, and sensor data,
distributed storage systems and cloud storage solu-
tions have been widely adopted. These systems inte-
grate seamlessly with big data processing platforms,
such as Hadoop and Spark, enabling efficient large-
scale data processing and analysis. In essence, data-
base systems not only provide persistent data storage
but also enable the effective utilization of large-scale
data through optimized management and operations.

Spatiotemporal Index

Indexing technology is a key method for enhancing
data storage and query efficiency. It organizes and man-
ages data through the establishment of efficient data
structures. For spatial data, spatial indexes facilitate
complex query operations, such as range, proximity,
and overlap queries, enabling faster and more accurate
data retrieval. However, spatiotemporal data, which in-
tegrate both spatial and temporal attributes, present
greater challenges. Traditional spatial indexes, such as
R-tree and B-tree, and time-stamp-based indexes strug-
gle to efficiently process the combined complexities of
spatiotemporal data. Spatiotemporal indexing technol-
ogy provides an effective solution for organizing and
retrieving spatiotemporal data, particularly in large-
scale urban spatial information applications. Current
mainstream spatiotemporal indexing methods include
space-time R-tree, grid-based indexing, and space-time
hash indexing. Looking ahead, spatiotemporal indexing
technology is expected to advance toward greater que-
ry optimization, multidimensional data fusion, and big
data processing capabilities.

Data Quality Control and Evaluation

Quiality control and evaluation are vital components
of data lifecycle management and play a critical role
in enhancing the reliability and decision-making capa-
bilities of information application platforms. However,
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during the collection, transmission, and storage of
multisource urban data, questions surrounding noise,
missing values, redundancy, and inconsistency often
arise. These issues can undermine data accuracy and,
in turn, mislead urban planning and emergency deci-
sion-making processes. Effective data quality control
entails cleaning erroneous data, imputing missing val-
ues, removing redundancy, and ensuring consistency
and integrity. These processes provide reliable data
support for critical applications, including traffic man-
agement, environmental monitoring, and urban plan-
ning. For data quality assessment, integrating Al and
big data technologies can significantly enhance both
the efficiency and accuracy of the evaluation process.

Data Security

As a platform for urban data integration and utilization,
USIP handles vast numbers of geospatial and real-time
dynamic data, which are closely related to urban traffic
management, emergency response, and public safety.
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However, the increasing volume and diversity of sen-
sitive data have heightened concerns about privacy
breaches and data misuse. Data leaks or tampering
can result in severe social and economic consequenc-
es. To safeguard data during storage, transmission,
and use, common security technologies include data
encryption, access control, and multifactor authenti-
cation. Furthermore, with the rise of distributed stor-
age systems, blockchain technology has emerged as
a decentralized security solution, enhancing data stor-
age security through tamper-proof distributed ledgers.
Properly addressing data security challenges in the de-
sign and implementation of USIP is critical to ensuring
a robust foundation for smart city development.

The effective processing of massive urban data de-
pends on the adoption of suitable processing architec-
tures and methods, directly influencing the efficiency
of data analysis and application. The key technologies

Data Processing for USIP
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FIGURE 2. Key technologies for data processing of urban spatial information. RNN: recurrent neural network; LSTM: long short-

term memory; GNN: graph neural network; GAN: generative adversarial network; CLIP: contrastive language-image pretraining;

GCN: graph convolutional network.
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for data processing of urban spatial information are
shown in Figure 2. This review examines three key
aspects: data processing architectures, mainstream
processing technologies, and Al-driven computational
analysis.

In USIP, the data processing architecture defines
the flow and computation of data, directly shaping
computation patterns and influencing the platform’s
performance and efficiency. These architectures con-
tinuously evolve to address the challenges posed by in-
creasing data volume, real-time demands, and growing
complexity. Traditional stand-alone architecture has be-
come inadequate, leading to the adoption of distribut-
ed architecture and cloud—edge collaborative solutions
as mainstream approaches. Distributed architecture
achieves high scalability and fault tolerance by distrib-
uting data and tasks across multiple nodes for parallel
computation. By integrating in-memory computing,
task scheduling optimization, and storage-computation
decoupling technologies, this architecture overcomes
the performance limitations of the stand-alone sys-
tem, enabling efficient processing of large-scale data.”®
Additionally, cloud-edge collaborative architec-
ture serves as a critical processing model to address
the conflict between real-time responsiveness and
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scalability. By offloading real-time processing tasks to
edge devices and leveraging cloud systems for data
storage and in-depth analysis, it plays a pivotal role in
balancing real-time response with a centralized anal-
ysis. The cloud-edge-end architecture, through the
integration of hierarchical task scheduling, edge intelli-
gence, and low-latency network technologies, has been
successfully applied to scenarios such as real-time traf-
fic control and emergency response.

For specific data processing technologies, de-
pending on the real-time requirements and applica-
tion scenarios, mainstream approaches include of-
fline batch processing, real-time stream processing,
and hybrid processing. Offline batch processing is de-
signed primarily for handling static, large-scale data-
sets, making it well suited for historical data analysis
and computationally intensive tasks. Representative
technologies like MapReduce, Flink, and Spark have
been extensively applied to scenarios such as ur-
ban development trend modeling and environmental
change assessment.

Specific data processing technologies vary based
on real-time requirements and application scenari-
os, with mainstream approaches that include offline
batch processing, real-time stream processing, and

TABLE 2. Comparison of mainstream big data processing frameworks.

Framework Description Characteristic Applicable scenarios

MapReduce The distributed computing model Easy to use, highly scalable, Designed for handling static,
proposed by Google; simplifies reliable; follows data locality. large-scale batch processing
parallel programming to efficiently tasks, such as log analysis and
process large-scale datasets. extract, transform, load tasks.

Spark A memory-based distributed The Resilient Distributed Applicable to a variety of data
computing framework that supports | dataset is used as the core processing scenarios, such as
batch and stream processing and component; high performance | large-scale data statistics and
uses memory to cache intermediate | and strong ecosystem. social media analysis.
results to improve processing
speed.

Flink A distributed stream processing Provides true stream Suitable for scenarios that require
framework that is focused on high- processing; event-time-based | high concurrency, complex event
performance, high-throughput real- | processing engine; low latency, | processing, and batch—stream
time stream data processing. supports stateful computing. integration.

Storm A distributed real-time stream Processes data with Suitable for scenarios with
processing framework that millisecond latency; provides extremely high real-time
is designed for low-latency, horizontal scalability; requirements and relatively
high-throughput real-time data lightweight deployment and simple data stream processing
processing. operation. logic.

Beam A unified programming model for Provides an abstraction layer Suitable for scenarios that require
the definition and execution of to write code once and run multiengine compatibility and
batch and streaming tasks. it on different distributed batch and stream unification.

processing engines.
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hybrid processing. Table 2 lists the current mainstream
spatiotemporal big data processing frameworks, in-
cluding their characteristics and applicable scenarios.
Offline batch processing is tailored for handling stat-
ic, large-scale datasets, making it ideal for historical
data analysis and computationally intensive tasks.
Computational frameworks such as MapReduce and
Spark have been widely utilized in applications like ur-
ban development trend modeling and environmental
change assessment.® Real-time stream processing,
characterized by low latency and high concurrency, is
well suited for dynamic monitoring and rapid response
scenarios. Applications include real-time traffic flow
optimization, air quality monitoring, and early warn-
ing systems, which are often implemented by using
frameworks like Flink. Hybrid processing combines the
strengths of both batch and stream processing, en-
abling efficient analysis of historical data while provid-
ing rapid responses to real-time data. For example, the
Lambda architecture achieves efficient processing of
historical and real-time data by separating batch and
stream processing modules. In USIP, hybrid processing
technologies can be applied to scenarios that require
multidimensional analysis. For instance, in environ-
mental monitoring, it integrates historical meteorolog-
ical data with real-time sensor data for multilevel pollu-
tion source analysis. By leveraging these technologies,
USIP provides comprehensive support, seamlessly
bridging historical data analysis and real-time respon-
siveness. This integration enhances the intelligence
and precision of urban management, facilitating more
informed decision making across various application
domains.

The rapid development and widespread applica-
tion of Al in data processing and analysis are funda-
mentally transforming the technological landscape
of USIP. With its powerful capabilities in data mining,
pattern recognition, and prediction, Al offers innova-
tive solutions for efficiently processing multisource
heterogeneous data. Currently, machine learning and
deep learning methods are continuously evolving, with
tailored approaches being applied to specific scenar-
ios, providing robust support for diverse urban appli-
cations.” Specifically, long short-term memory-based
spatiotemporal prediction models can be used for traf-
fic flow forecasting and environmental trend analysis.
Graph neural networks enable efficient path optimi-
zation and resource allocation by modeling complex
urban spatial networks. Moreover, multimodal data
integration facilitates geospatial information fusion
and multisource data analysis, while generative adver-
sarial networks are employed to reconstruct missing

data and enhance low-quality data. In addition, knowl-
edge-driven approaches such as knowledge graph
reasoning and analysis, as well as reinforcement learn-
ing for strategy optimization, are other Al methods
gaining traction in USIP. Despite challenges such as
limited interpretability and high resource demands, Al
continues to play a pivotal role in enhancing USIP's in-
telligence and decision-support capabilities.

Although USIP has adopted advanced architectures,
Al, and other technical methods in data processing, it
still faces significant challenges, including balancing
data scale with real-time performance, integrating multi-
source heterogeneous data, and optimizing resources
and task allocation. Looking ahead, USIP's data pro-
cessing capabilities are expected to advance toward
greater efficiency, intelligence, and distributed collab-
oration. Moreover, the integration of large-scale pre-
trained models with green computing holds promise
for breakthroughs in urban scenario forecasting and
real-time responsiveness, providing robust technical
support for intelligent and resilient urban governance.

As a foundational infrastructure for advancing urban
digitalization and refined management, USIP plays
a vital role in multisource data integration, dynamic
analysis, and intelligent decision support, as shown in
Figure 3. It has been successfully applied to manage-
ment and decision making across various domains.
This section uses USIP applications in three key areas,
smart cities, environmental monitoring, and emergen-
cy management, to demonstrate its transformative
impact and extensive applications across various
urban domains.
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FIGURE 3. Examples of various applications of USIP.
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Smart City

Smart cities strive to enhance urban operational effi-
ciency, improve residents’ quality of life, and promote
sustainable development through the integration of
advanced technologies. Leveraging the data integra-
tion, efficient processing, analysis, and intelligent de-
cision-making capabilities provided by USIP, the plat-
form has been effectively applied to various domains,
including traffic management, smart communities,
and social governance.

In traffic management scenarios, USIP enables
the integration of multisource data from cameras and
sensors to support traffic flow prediction, dynamic
signal control, and route optimization. By mining traf-
fic big data and optimizing real-time traffic strategies,
it improves road efficiency while reducing energy con-
sumption. With the support of USIP, community ser-
vices can benefit from optimized resource allocation,
enhanced safety monitoring, and elder care services.
In addition, USIP plays a significant role in social gov-
ernance and public safety by integrating data from
social media, cameras, and sensors to dynamically
monitor and manage public events. For example, by
analyzing real-time security data across urban areas,
it can identify crime hot spots and deploy targeted
measures to address them effectively. Overall, USIP
has become a cornerstone of smart city development,
fostering more efficient, intelligent, and inclusive ur-
ban environments.

Environmental Monitoring

Currently, cities face significant challenges in environ-
mental management, including monitoring inefficien-
cies, inaccurate predictions, and unequal resource
allocation. USIP provides effective solutions to ad-
dress these issues. As a data-driven platform, USIP
facilitates real-time monitoring and dynamic analysis
of critical environmental indicators such as air quali-
ty, water resource distribution, and noise levels.”® With
the integration of Al, USIP enables the prediction of
pollution dispersion trends and the issuance of early
warnings, effectively guiding rapid pollution source
management and policy adjustments. At the same
time, USIP plays a pivotal role in sustainable develop-
ment planning by supporting regional carbon emission
tracking, green energy planning, and low-carbon poli-
cy evaluation, providing scientific evidence for achiev-
ing urban sustainability goals. Looking ahead, with
the deeper application of Al, large-scale pretrained
models, and green computing technologies, USIP is
poised to unlock greater potential in environmental
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protection and sustainable development, offering
innovative solutions for the green transformation of
global urban governance.

Emergency Management

Emergency management is a vital pillar of urban
safety and resilience. In scenarios such as natural
disasters, public health crises, and sudden security
incidents, the speed and quality of response direct-
ly impact the scale of losses and recovery efficiency.
Information platforms utilize loT sensors and remote
sensing technologies for dynamic monitoring, inte-
grating historical and real-time data to accurately
predict event trends.® For instance, in flood man-
agement, USIP leverages water level and rainfall data
collected by sensors to dynamically simulate flood
spread and optimize evacuation routes, significantly
enhancing rescue efficiency. Simultaneously, the plat-
form employs digital twin technology to visually rep-
resent resource distribution in affected areas, aiding
government agencies in efficiently allocating rescue
efforts. During public health emergencies, USIP com-
bines population mobility trajectories with social me-
dia data to trace epidemic spread, identify high-risk
areas, and provide scientific support for effective con-
tainment measures.

Looking ahead, with the deep integration of Al and
federated learning technologies, USIP is poised to fa-
cilitate intelligent and collaborative solutions in emer-
gency management, significantly enhancing urban
emergency response capabilities and public safety
governance. By leveraging rich data together with effi-
cient and intelligent analytical processes, USIP serves
as a cornerstone for disaster prevention, response,
and mitigation.

This study systematically explored the key compo-
nents and practical applications of USIP by leveraging
advances in computer science theory and cutting-edge
technologies, focusing on four aspects: data sources,
management, processing, and applications. First, we
analyzed the diversity of urban spatial information
sources, categorized the data, and discussed their
respective characteristics. Next, we focused on data
organization, storage, quality control, and security, ex-
amining the core technologies and challenges in USIP's
data management. In addition, we delved into the evo-
lution and current state of data processing technolo-
gies, including processing frameworks, mainstream
techniques, and the accelerating impact of Al on data
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processing. Finally, through an in-depth discussion of
typical scenarios such as smart city construction, envi-
ronmental governance, and emergency management,
we demonstrated the immense potential of USIP to en-
hance urban resilience, quality of life, and sustainable
development.

Although USIP has already been applied in various
urban scenarios and domains, delivering econom-
ic value and significant advances, many challeng-
es remain for its development. Future efforts must
address bottlenecks such as integrating data from
multiple sources, processing large amounts of data in
real time, and balancing privacy with data sharing. By
bridging the gap between complex urban challenges
and data-driven solutions, USIP offers a solid techno-
logical foundation for advancing smart, resilient, and
human-centered cities.
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