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Abstract

In the era of multi-source heterogeneous big data, big data exhibits novel charac-
teristics including interdisciplinary nature, diversity, and variability, while appli-
cations across broader domains generate new demands for data fusion, thereby
enriching and expanding the connotation of data fusion in this context. Broadly
defined, data fusion encompasses the integration of data resources, the integra-
tion of model methodologies, and the integration of decision-makers’ knowledge
and experience. This article analyzes the characteristics of multi-source het-
erogeneous data fusion across three distinct levels: the data layer, information
layer, and decision layer; explores potential challenges that data fusion may
encounter in aspects such as storage, utilization, analytical technologies, data
management, and value determination; and proposes corresponding countermea-
sures and recommendations, providing references for various entities, including
enterprises and governments, to efficiently manage data resources and conduct
more profound data fusion analyses.

Full Text
Abstract

In the era of multi-source heterogeneous big data, data exhibits new character-
istics such as cross-domain interconnection, diversity, and dynamic evolution.
The expanding applications across broader fields generate new demands for
data fusion, enriching and extending its connotation. Generalized data fusion
encompasses the integration of data resources, the synthesis of model methods,
and the incorporation of decision-makers’ knowledge and experience. This pa-
per analyzes the distinctive features of multi-source heterogeneous data fusion
across three hierarchical levels—the data layer, information layer, and decision
layer—and examines the challenges that data fusion faces in terms of storage,
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utilization, analytical technologies, data management, and value determination.
Corresponding countermeasures and recommendations are proposed to assist en-
terprises, governments, and other entities in efficiently managing data resources
and conducting more sophisticated data fusion analyses.

Keywords: multi-source heterogeneous, Wuli-Shili-Renli (WSR), data fusion,
big data

1 New Characteristics of Multi-Source Heterogeneous Big
Data and Emerging Demands for Data Fusion

The Internet has interconnected people’ s daily lives, enterprise production, and
government administration, generating vast amounts of data through countless
activities across society. These data sources are extensive and structurally com-
plex, while enhanced data availability has led various domains to increasingly
emphasize the extraction of value from data resources. Consequently, the new
characteristics of massive datasets and the emerging demands from diverse fields
have propelled multi-source heterogeneous big data fusion to the forefront of big
data research.

The new characteristics of multi-source heterogeneous big data can be summa-
rized as cross-domain interconnection, diversity, dynamic evolution, and consen-
sus. Content from different activities and business operations frequently over-
laps, yielding large volumes of cross-industry, cross-media, and cross-database
data with strong interconnectivity. Data structures are highly diverse, encom-
passing not only structured data such as numbers and tables but also unstruc-
tured and semi-structured data including text, images, audio, and video. More-
over, diversity extends beyond data types and structures to encompass the
multi-dimensionality and multi-granularity of content and knowledge embed-
ded within the data, reflecting complex three-dimensional relationships between
data and knowledge. Dynamic evolution refers to data changing over time, while
consensus indicates that relationships among data and between data and knowl-
edge have gained widespread acceptance, possessing universal applicability that
facilitates establishing associations and uncovering additional knowledge.

Extracting information and knowledge from multi-source heterogeneous data
and transforming them into value necessitates data fusion. Traditionally termed
information fusion, data fusion involves combining and processing data and in-
formation from multiple sources to achieve complementary advantages, elimi-
nate noise, resolve contradictions, enhance information integrity and credibility,
and obtain more accurate and reliable estimates or decisions than single-source
information. Information fusion models primarily include structural models
and functional models. Structural models describe the operational mechanisms
of information fusion systems, with deployment architectures classified as cen-
tralized, distributed, or hybrid. Functional models primarily characterize the
functions of information fusion systems and subsystems, as well as relationships
among components, including the JDL (Joint Directors of Laboratories) model,
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the Omnibus model, and the OODA (Observation, Orientation, Decision, Ac-
tion) model and its variants. The improved JDL model constructs a six-level
functional framework for multi-source information fusion tasks: sub-object esti-
mation, object assessment, situation evaluation, impact assessment, process op-
timization, and cognitive optimization. The OODA model comprises four com-
ponents—observation, orientation, decision, and action—with extended versions
capable of processing interdependent information. Information fusion patterns
can be abstracted into three hierarchical levels: data-level fusion, feature-level
fusion, and decision-level fusion. Data-level fusion directly integrates data col-
lected by identical sensor types; feature-level fusion extracts features from raw
data before integration; decision-level fusion performs higher-level synthesis on
features or preliminary results to derive more comprehensive and systematic de-
cisions. Numerous methods and technologies exist across these levels, including
principal component analysis, Kalman filtering, Bayesian estimation, machine
learning, D-S evidence theory, and intelligent computing.

Multi-source heterogeneous big data has introduced new demands that chal-
lenge data fusion in theoretical research, methodological development, and prac-
tical applications. Current applications of data mining and fusion have ex-
tended to socio-economic issues such as enterprise management, government
governance, and banking risk prevention—domains that differ from traditional
military-oriented sensor fusion applications. In social, economic, and manage-
ment fields, data sources exhibit greater complexity and openness, research prob-
lems typically involve multiple stakeholders and strong systemic interconnec-
tions, and substantial directly or implicitly correlated data exists. Compared
with traditional sensor data, the importance of pre-defined data sources may
diminish while the discovery and identification of new data sources become crit-
ical. Additionally, since social activities invariably involve human participation,
adequately incorporating “soft factors” and “soft data” related to “people”
and integrating them with “hard data” has emerged as a new requirement.
Regarding fusion patterns, combining multiple hierarchical levels rather than
confining fusion to a single level, thereby enabling data fusion throughout the
entire data mining process, represents a future development direction. Fur-
thermore, application scenarios in social, economic, and management domains
require strengthening the integration of cutting-edge technologies with domain
expert knowledge, enhancing the interpretability of methodological tools and
their connection to practice.

2 Research Framework for Multi-Source Heterogeneous Big
Data Fusion Based on WSR

As previously discussed, given the cross-media, cross-industry characteristics
and the interconnectivity, diversity, dynamic evolution, and consensus of cur-
rent multi-source heterogeneous data, unified analysis and mining of structurally
diverse data necessitate data fusion. Li et al. conducted a comparative analysis
of the three hierarchical levels of information fusion and their relationships with
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the “data, information, knowledge” hierarchy in business intelligence. Building
upon this foundation and drawing from the Wuli-Shili-Renli (WSR) systems
methodology, they proposed the concept of generalized data fusion to be imple-
mented throughout the business intelligence analysis process.

The WSR systems methodology comprehensively considers three dimensions—
“Wuli” (physical), “Shili” (logical/principle), and “Renli” (human)—in systematic
practice, emphasizing the dynamic unity and close interconnection among the
objective world, organizational systems, and human actors, all of which are indis-
pensable. “Wuli” concerns the composition, attributes, and objective laws of the
real world; “Shili” addresses problem-solving methodologies; and “Renli” focuses
on human dynamic activities, thought processes, and interactions with the en-
vironment. In social, economic, and management domains, humans are crucial
participants in various activities, and practical problem-solving and decision-
making depend on objective conditions, solution approaches, and human-related
factors. These correspond to the “physical,” “logical,” and “human” dimensions
of data fusion. Based on WSR, this paper proposes that generalized data fu-
sion involves comprehensively employing multiple methods to mine multi-source
heterogeneous raw data, then synthetically and holistically processing and ana-
lyzing the extracted patterns, decisions, and other “soft factors” to ultimately
achieve efficient fusion outcomes that support decision-making. Generalized
multi-source heterogeneous big data fusion encompasses the integration of data
resources, model methods, and decision-makers’ knowledge and experience. In
business intelligence, “data” represents raw, unprocessed resources obtained
through various channels; “information” comprises potential features, associa-
tions, and patterns discovered through preliminary analysis; and “knowledge”
consists of more valuable conclusions derived through further reasoning. Data
provides raw materials for problem-solving, while information and knowledge
furnish the basis for decision-making. Since WSR-based generalized data fusion
permeates the entire business intelligence analysis process of “data—information
—knowledge,” it can be divided into three hierarchical levels: data layer fusion,
information layer fusion, and knowledge layer fusion [Figure 1: see original pa-

per].

At the data layer, WSR manifests primarily in data source identification and
data collection. In scenarios such as social governance, enterprise management,
economic development, and risk management, human behavioral data collected
through mobile devices and networks play increasingly important roles. The
cross-industry, cross-domain, and cross-disciplinary nature of research problems,
combined with the cross-media characteristics of multi-source heterogeneous
data, substantially increases the number of data sources while simultaneously
complicating their selection and determination. Data selection involves subjec-
tivity—different data choices for the same problem may yield discoveries from
different perspectives. Data selection must comprehensively consider practical
problems and domain expert experience. Therefore, based on WSR, data can be
selected from three dimensions: objective data, data generated from behavioral
activities, and data closely related to “people” such as evaluations, opinions,
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emotions, judgments, and expectations. Additionally, multi-source heteroge-
neous data transformation and comprehensive indicator construction constitute
essential components of data layer fusion. Structured, semi-structured, unstruc-
tured, multi-granularity, dynamic, and static data are difficult to model directly.
Consequently, multi-source data must be transformed through aggregation, as-
sociation, feature extraction, text mining, and new variable computation to
enable unified analysis and provide a foundation for building comprehensive
models and mining deep information at the information layer. The “Renli”
dimension in WSR is reflected in the interpretability and practical relevance of
data transformation and indicator establishment processes.

At the information layer, WSR application is manifested not only in the compre-
hensive integration of multiple model methods for analyzing data layer fusion
results but also in the selection of model methods and the combination of data
science technologies with knowledge, principles, and methods from social and
economic domains. Social governance, economic development, and enterprise
management possess their own characteristics and theoretical foundations; data
fusion technological tools cannot be separated from these disciplinary corner-
stones. Therefore, method selection requires continuous exploration of pathways
for integrating traditional and emerging technologies, seeking a balance between
accuracy and interpretability. Common methods for model establishment at the
information layer include classification, clustering, association rule mining, and
other machine learning, deep learning, and artificial intelligence approaches, as
well as integrated models combining multiple methods. Moreover, method se-
lection at the information layer is closely related to “Renli.” When addressing
practical social management problems, appropriate methods and models must
be adopted based on comprehensive consideration of all stakeholders rather than
blindly pursuing methodological complexity and precision.

At the knowledge layer, WSR application is primarily reflected in the need to or-
ganically integrate “Renli” into final decision-making, combining human-related
factors with objective data through higher-level reasoning and mining meth-
ods to fuse lower-level fusion results, thereby obtaining deep relationships and
comprehensible knowledge to fulfill requirements or support decisions. Decision-
making and knowledge cognition are intimately related to humans; expert opin-
ions, decision-maker preferences, and social environments may all influence final
outcomes, making the “Renli” dimension critically important at the knowledge
layer of data fusion.

3 Challenges in Multi-Source Heterogeneous Big Data Fu-
sion During Data Application

The new characteristics of multi-source heterogeneous big data fusion in emerg-
ing application scenarios enrich and extend its connotation while simultaneously
introducing novel challenges and difficulties in storage, integration, analysis, and
management.
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(1) High-quality data storage remains an urgent issue. Data storage
constitutes the foundational and front-end work of data analysis; more effec-
tive storage facilitates more convenient and efficient subsequent data extrac-
tion, preprocessing, and analysis. However, data storage itself is cumbersome
and complicated, and the explosive growth of multi-source heterogeneous data
further increases its difficulty. Confronted with complex data sources, storage
must address two key questions: first, which data to store—cleaning and re-
moving historical data can save space but may also discard valuable resources,
requiring a trade-off between data importance and space occupation; second,
how to store data—organizing structurally diverse data in a clear and logical
manner presents an unavoidable challenge. Data quality is also paramount, as
it significantly impacts analysis results. Neglecting the storage stage, leading
to non-standard preservation or errors, severely affects subsequent analysis effi-
ciency and accuracy.

(2) Data silos and usage barriers hinder integration and fusion. Al-
though massive amounts of data are generated continuously, effective utilization
remains challenging, with most data existing in “data silos” that are mutually
isolated, creating obvious barriers to utilization. The difficulty of data layer
fusion and integration stems from two aspects: subjective factors, namely data
usage permissions—many internal data are not externally accessible, making ac-
quisition difficult; and objective factors, namely data generated from different
business activities. Even within the same enterprise or institution, data suffer
from fragmentation issues, disparate structural formats, and varying storage
standards, complicating cross-departmental data usage. These factors increase
the difficulty of data resource fusion and impede full value extraction.

(3) Multi-source, heterogeneous big data increases analysis and min-
ing difficulty across scenarios. Multi-source heterogeneous big data presents
numerous new challenges for data fusion technologies. Data fusion must not only
achieve transformation and unified integration of multi-source heterogeneous
data but also focus on implicit knowledge behind the data, strengthening un-
derstanding of data meaning and organically combining consensual knowledge
with digital analysis. Cross-domain, cross-media, cross-language, and multi-
disciplinary fusion remains at the forefront of research challenges. Fusion ob-
jects coexist in multiple forms—including numbers, tables, text, images, video,
audio, knowledge, patterns, and models—spanning different domains and poten-
tially different languages, requiring full consideration of diverse data resource
characteristics and inter-domain differences and commonalities. Cross-language
fusion depends on cross-language data association and large-scale knowledge
bases. Furthermore, current massive, multi-source, heterogeneous data impose
new requirements on processing and analysis speed, as much value is embedded
in high-frequency data or data streams that demand efficient real-time process-
ing technologies. Simultaneously, data fusion methods and technologies require
continuous optimization to handle increased data volumes.

(4) Data maintenance, security, and privacy leakage are current
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management priorities. Multi-source heterogeneous big data requires
high-performance network architectures and robust data center support,
making data warehouse and data center operation and maintenance significant
challenges. Large data volumes and dynamic evolution substantially increase
the difficulty of incremental updates and error recovery operations in databases
and knowledge bases. Ensuring data stability and high concurrency support
while reducing server underload has become a key focus of data center mainte-
nance. Data fusion analysis necessitates heightened attention to data security.
Hardware failures and cyberattacks can lead to data loss, requiring continuous
strengthening of multi-replica and disaster recovery mechanisms. Information
security has also gained widespread attention, with increasing emphasis on
privacy protection. While data fusion enhances data interconnectivity, it
also increases leakage risks and threats to personal privacy, enterprise, and
national security information. Therefore, protecting sensitive information
during analysis and safeguarding data security while enabling flexible data
utilization constitute important future research topics.

(5) Data openness and sharing, data exchange, and data asset pricing
require further attention. Realizing the potential value of data is closely
related to its degree of openness—generally, more openly available data can
be mined for greater value and applied across more scenarios and domains.
However, data openness faces numerous complex issues. Commercial interests,
industry monopolies, and information security concerns severely restrict data
openness. Clear definition of data rights and responsibilities presents difficul-
ties; for instance, individual users are often both data producers and benefi-
ciaries. In practice, data ownership and rights continuously change, with no
clear consensus yet reached on ownership definition and rights allocation. The
lack of comprehensive policies and regulations for data sharing also constrains
data openness. As data value receives increasing recognition, data exchange,
trading, and related markets have emerged, posing new challenges for the big
data era: how to define data transaction value, maintain secure and healthy
trading practices, and protect the legitimate rights and interests of individuals,
organizations, and nations.

4 Reflections on the Development of Multi-Source Hetero-
geneous Big Data Fusion

From a complex systems perspective, data represents the objective “physical”
reality, methods for fusing different data constitute the “logical /principle” dimen-
sion, and management of multi-source heterogeneous big data relates closely to
the “human” dimension. Therefore, addressing challenges in storage, utilization,
analysis, and maintenance of multi-source heterogeneous data, this paper draws
upon the WSR methodology’ s integrative thinking across its three dimensions
to propose three development reflections from the perspectives of data, methods,
and management [Figure 2: see original paper].

(1) From the data perspective, continuously optimize collection and
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storage. For massive and structurally complex data, storage and database con-
struction are complex engineering tasks. First, business requirements must be
clarified, leveraging the combined efforts of data engineers, domain experts, and
business personnel—this depends on in-depth analysis of objective data charac-
teristics (the “physical”dimension), full understanding of the “human”dimension,
and coordination between data and human needs. Data storage should not be
limited to current requirements; new and potential demands will continuously
emerge with technological advancement and business evolution. Data storage
resources can be determined based on the three WSR dimensions: “physical”
(objective data), “logical” (behavioral activity data), and “human” (evalua-
tion/opinion/emotion data). Furthermore, collecting and storing cross-media,
multi-source heterogeneous big data requires more advanced “logical”’approaches.
Under new data fusion demands, database construction and maintenance must
be further strengthened, considering multi-source heterogeneity during storage
to achieve compatibility with structured, semi-structured, and unstructured
data, and establishing data fusion traceability mechanisms to enhance flexi-
bility and simplicity in database incremental updates and partial modifications.
Efficient, high-quality data storage is the cornerstone of big data fusion analy-
sis; storage must maximize convenience for data utilization, with clear formats
and unified standards facilitating efficient data invocation, processing, analysis,
updating, and maintenance, thereby substantially saving resources and costs.

(2) From the methods perspective, enhance data fusion effectiveness
multi-dimensionally. Improving fusion effectiveness for massive multi-source
heterogeneous data depends on the joint progress of hardware equipment and
technologies. Complex structures and enormous data volumes impose higher
requirements on hardware equipment; improving hardware performance and
perfecting relevant infrastructure lays a solid foundation for future big data
fusion development. Regarding fusion methods, continuous technological inno-
vation is needed, with improvements, integration, and fusion of original algo-
rithms and models tailored to the characteristics, distinctions, and demands
of data layer, information layer, and decision layer fusion. Fully drawing upon
multi-disciplinary thinking provides inspiration for processing multi-source data
and fusing multi-dimensional knowledge from different perspectives. Addition-
ally, strengthening interdisciplinary talent cultivation enables data scientists,
domain experts, and domain knowledge bases to jointly exert complementary
advantages that achieve “1+1>2” synergies in data fusion theoretical research
and practical application.

(3) From the management perspective, establish sharing mechanisms
to safeguard data openness and security. As an emerging factor of pro-
duction, data can generate increasing value. Both enterprises and governments
are attaching greater importance to data, continuously enhancing big data man-
agement and proposing digital development strategies that keep pace with the
times. Consequently, how to fully, efficiently, and securely realize data value
has become a critical issue. Data value realization and potential release depend
on data openness and sharing, yet openness inevitably impacts data security.
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Therefore, it is necessary to comprehensively consider the interests of all parties,
establish and improve data sharing mechanisms, and continuously refine rele-
vant laws and policies to provide strong regulatory guarantees for data sharing
and security. This will curb data abuse while enabling data sharing, establish-
ing a sustainable and healthy data sharing ecosystem. Data and information
security can also be protected through physical isolation combined with access
control, preventing illegal access through isolation; researching strategies and
assessment models to reduce privacy leakage risks, enabling timely risk warnings
and protection strategy updates; and strengthening big data network security
construction. In multi-source heterogeneous big data fusion management, the
“human” dimension is crucial—connecting data silos and breaking data barriers
requires efficient communication and collaboration among departments. A big
data sharing ecosystem requires the participation and co-governance of all so-
cietal stakeholders to achieve a healthy environment of data sharing, interest
protection, and security safeguarding, providing the foundation for future data
fusion development and data value growth.

5 Conclusion

In emerging application scenarios, multi-source heterogeneous big data fusion
has developed new characteristics and connotations across the data, information,
and knowledge layers. Drawing upon the WSR systems methodology to ana-
lyze and research each hierarchical level of data fusion through the integrated
dimensions of physical, logical, and human factors facilitates better solutions
to multi-source heterogeneous data fusion problems and provides more compre-
hensive support for decision-making. Data fusion presents new challenges to
humanity’ s ability to harness data, creating novel difficulties in data storage,
utilization, and management, yet it also offers tremendous space and poten-
tial for gaining deeper, more systematic, and comprehensive insights and for
achieving more comprehensive mining and utilization of data value.
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