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Abstract: Currently, most enterprises have adopted information software and digital
equipment and gradually established digital factories. They conduct enterprise data collection
and decision-support activities, generating large volumes of multi-source heterogeneous data
across all stages of the product life cycle. However, current data utilization methods remain
simplistic, and the goal of leveraging multi-source heterogeneous data to drive manufacturing
value has yet to be fully realized. To address this issue, this study first defines the concept and
characteristics of multi-source heterogeneous data in intelligent manufacturing, based on an
analysis of its relationship with industrial big data. Then, integrating principles from data
science, a technological framework for multi-source heterogeneous data is proposed. The key
technologies involved in each stage of data processing are investigated, and typical
applications of such data in intelligent manufacturing are discussed. Finally, this paper
analyzes the challenges and future development directions of multi-source heterogeneous data
processing in intelligent manufacturing. The goal is to provide theoretical and technical

support for integrating intelligent manufacturing with data science.
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1 Introduction

With the continuous advancement of Industry 4.0,

intelligence!!.

Currently, manufacturing enterprises widely adopt
information technologies, generating large-scale and

the manufacturing industry is experiencing a critical
window for transformation and upgrading. Emerging
information technologies—such as artificial intelligence,
big data, the Internet of Things (IoT), and blockchain—
are rapidly evolving, offering strong technical support for
the digitalization, networking, and intelligentization of
the manufacturing sector. Intelligent manufacturing is a
representative  paradigm  of  data-driven  value
enhancement in production!”, where data has become
the core element and a key enabler of manufacturing

complex data. For instance, a typical textile
manufacturing enterprise produces 84 GB of data per
workshop per day, including image data, textual data,
sensor readings, and data from information management
systems. These datasets originate from diverse sources,
exhibit varied structures, and differ significantly in
quality.  Therefore,  focusing on  multi-source
heterogeneous data in intelligent manufacturing and
realizing its deep integration is essential to supporting
full-lifecycle and end-to-end resource scheduling and
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decision-making in smart factories—an inevitable path
for the industry's development!®.

Notable contributions have been made to multi-
source heterogeneous data fusion in intelligent
manufacturing. Traditional statistical methods, such as
Bayesian networks and Kalman filtering, were applied to
structured sensor data including temperature and pressure
readings. These methods enabled real-time production
monitoring, basic fault diagnosis, and process
optimization in discrete manufacturing scenarios™®.
Machine learning-based approaches, particularly deep
learning models such as convolutional neural networks
and recurrent neural networks, were employed to fuse
unstructured data such as product surface images and
maintenance text logs with structured data. Higher
accuracy was achieved in tasks of defect detection and
predictive maintenance!”®. Hybrid fusion frameworks
were developed by combining rule-based reasoning with
data-driven models. Partial heterogeneity issues in supply
chain data integration were addressed, and semi-
automated inventory management and logistics
scheduling were supported™®.

As the integration of manufacturing with next-
generation information technologies deepens—coupled
with the emergence of concepts like the Industrial
Internet and cloud manufacturing—the types of data
involved in intelligent manufacturing have expanded far
beyond sensor signals. These data show strong
interdependencies and increasing complexity in both
types and sources. It is thus crucial to comprehensively
address the multi-source heterogeneous data across the
entire life cycle and manufacturing process. Through
effective  data fusion and mining, significant
improvements in production efficiency and product
quality can be achieved.

However, distinct limitations have also been
observed. Statistical methods were unable to process
high-dimensional unstructured data such as high-
resolution production line videos. Non-linear correlations
between data from different manufacturing links, such as
design Bill of Materials (BOM) data and workshop
production data, could not be captured. Deep learning
models, although powerful in feature extraction, required
large-scale labeled datasets. This requirement became an
obstacle in scenarios where labeled data, such as rare
equipment failure cases, was scarce. The "black-box"
nature of these models reduced interpretability and made
industrial  decision-making  traceability  difficult!!®.
Hybrid frameworks lacked unified standards for data
preprocessing and feature alignment. As a result,
scalability was poor when new data sources, such as real-
time data from edge devices in smart workshops, needed
to be integrated.

Redundancy and high correlation among diverse
data features further exacerbate the difficulty of
integration, becoming a bottleneck that limits the
progress of intelligent manufacturing. Hence, there is an

urgent need to establish a comprehensive theoretical
framework for multi-source heterogeneous data in
intelligent manufacturing. This includes clarifying its
definition and scope, identifying key technologies for
data  processing and mining, addressing the
standardization of complex heterogeneous data in
industrial settings, and enhancing feature extraction and
fusion—ultimately  enabling value creation from
manufacturing data.

2 Literature Review

In this paper, we take the Web of Science Core
Collection and CNKI (China National Knowledge
Infrastructure) database as examples. We conduct a
statistical analysis of literature related to multi-source
heterogenecous data in the manufacturing industry from
2018 to 2024. CiteSpace (version 6.3.R1)!is used to
generate a knowledge map. This helps to analyze the
current research status of multi-source heterogeneous
data in both domestic and international contexts.

In the Web of Science Core Collection, we search
journal articles, conference papers, and review articles.
The search formula is: (((TS = "Multisource heterogeneous
data") OR TS = "multi sensor data") AND TS =
"manufacturing") AND DOP = (2018-01-01 to 2024-01-
01). This retrieves literature where the subject includes
"multisource heterogeneous data" or "multi sensor data"
related to manufacturing between 2018 and 2024.

In the CNKI database, we search for literature on
"manufacturing" with the theme containing "multi-source
heterogeneous data" or "multi sensor data" from 2018 to
2024. A total of 506 papers are retrieved. Another search
for "multi-source heterogeneous data" related to
"manufacturing" in the topic field yields 1108 papers.

From the statistical analysis of recent English
literature, the research mainly focuses on data fusion,
industrial robotics, and rotating machinery maintenance,
as shown in Fig.1. Most studies target multi-sensor data.
For example, multi-sensor fusion is used for equipment
health monitoring!'? and to improve machinery fault
diagnosis accuracy!'’). These studies have achieved
promising results. Sensor data represent the information
collected at the perception layer in intelligent
manufacturing and inherently display multi-source
heterogeneity.

In the realm of intelligent manufacturing, the
application of multi-source heterogeneous data has also
been explored in broader contexts. A Cyber-Physical
Systems  architecture =~ for  Industry  4.0-based
manufacturing systems was proposed by Lee et al. The
seamless flow and integration of data across different
manufacturing elements were emphasized, which is
closely related to the handling of multi-source
heterogeneous data in intelligent —manufacturing
scenarios!'”. Cloud manufacturing was introduced by
Zhang, Lin, Luo, and Tao as a new manufacturing
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paradigm. In this paradigm, data from cloud platforms,
manufacturing resources, and customer demands are
required to be integrated and processed. The significance
of multi-source heterogeneous data fusion is further
highlighted!").

Recently, large language models (LLMs) have also
been introduced into multi-source heterogeneous data
research. Semantic features can be extracted from
unstructured text and log data by LLMs, and then fused
with structured sensor data to enhance cross-modal
analysis in intelligent —manufacturing!®'”.  Such
approaches have shown potential in digital twin
integration and semantic-level fusion for intelligent
decision-making.

According to the statistical analysis of recent
Chinese literature, research themes include multi-source
heterogeneity, multi-source datal'®, metadata,
heterogeneous data, machine learning, data sharing, IoT,
deep learning, and information fusion, as shown in Fig.2.
The research focus has shifted over time. It evolved from
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Fig.1 Co-occurrence map of English research distribution
directions for multi-source heterogeneous data

algorithm-driven fields like deep learning and IoT to
areas such as data governance (e. g., metadata and
sharing). It is now gradually moving toward issues like
efficient  fusion, cross-source collaboration, and
consistency assurance, as shown in Fig.3.
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Fig.3 Timeline chart of Chinese research on multi-source
heterogeneous data

The rise of multi-source heterogeneity as a research
hotspot is driven by two main factors. Firstly, with the
rapid advancement of information technology, data
sources have become increasingly diverse, encompassing
sensor data, social media data, and enterprise internal

data. These different types of data vary in structure,
format, and semantics, creating an urgent need for
effective multi-source and heterogeneous data processing
technologies. For example, the integration and processing
of massive real-time data generated by Internet of Things
(IoT) devices with data from traditional databases rely
heavily on multi-source and heterogeneous data
management technologies. Secondly, the interdisciplinary
integration of computer science, statistics, information
science, and other disciplines has provided novel methods
and perspectives for the research of multi-source and
heterogeneous data. The introduction of methods such as
machine learning and deep learning into the processing of
multi-source and heterogeneous data has further
enhanced the research enthusiasm and popularity of
related keywords. For instance, deep learning models are
utilized for feature extraction and fusion of multi-source
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and heterogeneous data to improve the accuracy and
efficiency of data analysis.

Under the joint drive of policy guidance and
industrial demand, research and application of multi-
source heterogeneous data have been promoted. From the
policy perspective, a series of national documents on
digital transformation and big data development were
issued in China. In 2015, the Action Plan for Promoting
Big Data Development was released. Cross-domain data
integration and deep utilization were guided. In 2016, the
Cybersecurity Law was enacted. In 2021, the Data
Security Law and the Personal Information Protection
Law were issued. Security and privacy requirements in
data collection, storage, and processing were clarified.
Directions  for  multi-source  heterogeneous  data
development were provided. Enterprises and research
institutions were compelled to explore compliant
technologies. Practical adoption in various sectors was
thus promoted.

Recent research has further advanced the integration
of multi-source heterogenecous data in intelligent
manufacturing. An loT-based data fusion method was
proposed to enhance integration within IoT-enabled
manufacturing environments!'?. Digital twin
technologies for electromechanical-hydraulic systems
were reviewed, with emphasis placed on prognostics and
health management, where multi-source data are fused
for real-time monitoring and predictive maintenance. A
comprehensive review of Industrial Internet of Things
(IToT) intelligence in intelligent manufacturing was
provided, outlining a hierarchical architecture and
underscoring the role of multi-source data fusion across
the value chain®. In addition, an unsupervised
multimodal fusion framework based on contrastive
learning was introduced, enabling the fusion of
heterogeneous modalities such as imagery, audio, and
laser signals for process monitoring and anomaly
detection'®").

Compared with international research, more
emphasis has been placed in China on algorithmic model
construction and fundamental studies of data governance.
In recent years, domestic studies have gradually extended
toward integrated applications. However, gaps remain in
the maturity of industrialization of core technologies and
in the wunification of cross-scenario collaboration
standards.

Several underlying reasons can be identified. First,
the intelligent manufacturing industry started earlier
abroad. Enterprise practice and research were combined
more closely. Technology deployment was therefore
accelerated. Second, differences exist between domestic
and international legal frameworks and industrial
standards for data security. Compliance requirements in
China slowed the pace of technological iteration. Third,
in areas such as high-end sensors and industrial software,
a clear first-mover advantage has been held
internationally. More complete hardware and technical

support for multi-source data acquisition and fusion have
thus been provided abroad.

To better understand multi-source heterogeneous
data and reveal its underlying mechanisms in intelligent
manufacturing, this paper explores its concepts and
characteristics. We further analyze the key technologies
and application scenarios in data processing and mining.
Finally, we clarify the data and technology system
frameworks and point out future development directions.

3 Concept and Characteristics

3.1 Concept

Industrial big data refers to data, along with related
technologies and applications, generated throughout all
stages of a product's life cycle, with intelligent
manufacturing as its core focus in the industrial
domain'®. Multi-source heterogeneous data refers to data
collected from different sources, exhibiting varied
structures or types®). It is a subcategory of industrial big
data and represents one of the most valuable data types
for research, as illustrated in Fig.4.

Industrial big data emphasizes information collected
across the full product life cycle. Its data types include
traditional structured and semi-structured data, as well as
unstructured engineering data. In contrast, multi-source
heterogeneous data in intelligent —manufacturing
highlights the integration of data from different sources
and structures. The extraction and fusion of features from
this data is a key research focus. Its technical framework
builds upon and extends the capabilities of traditional

industrial big data processing!***",

Industrial
Big Data

Intelligent Manufacturing

! Big Data
Multi-source Heterogeneous Data

Fig.4 The relationship between multi-source heterogeneous data,
industrial big data and intelligent manufacturing big data

Due to differing research priorities, there are notable

differences between traditional industrial big data
processing and the processing of multi-source
heterogeneous data in intelligent manufacturing.

Traditional industrial big data processing follows the
entire data life cycle—from data acquisition to
application. It covers a wide range of tasks including data
collection, storage, analysis, decision-making support,
and governance.
On the

other hand, processing multi-source
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heterogeneous data in intelligent manufacturing aims to
achieve standardization and normalization. It focuses on
uncovering and utilizing the similarities, differences, and
correlations among various data sources. Challenges such
as feature redundancy and fusion complexity are central.
The goal is to eliminate redundant and repetitive
information, identify incompatible content, and refine
similar features while retaining the unique characteristics
of each data type.

Based on this analysis, this paper defines multi-
source heterogeneous data in intelligent manufacturing as
data collected from various stages of the product life cycle
—such as design, research and development, processing,
and production. This data varies in source, type, and
structure. It often shows strong correlation or redundancy,
and has distinctive industrial traits, including high real-
time requirements and considerable complexity.

In terms of application boundaries, industrial big
data is usually focused on efficiency improvement in
single stages, such as equipment performance monitoring
or quality enhancement of a single process. Multi-source
heterogeneous data, by contrast, is oriented toward global
decision-making that supports cross-lifecycle and cross-
department collaboration. Typical examples are design-
manufacturing-operation integration and supply chain
fusion. The value orientation of the two paths is therefore
not identical. The latter places greater emphasis on cross-
domain integration and high-dimensional value
extraction.

3.2 Characteristics

As a special subset of industrial big data, multi-
source heterogeneous data in intelligent manufacturing
shares characteristics such as high throughput, strong
correlations, and low quality with high noise®®®.
However, multi-source heterogeneous data in intelligent
manufacturing  distinguishes itself from traditional
industrial big data by the diversity and heterogeneity of
data sources, as well as the similarities, differences, and

correlations among data features.
3.2.1 Diversity of Data Sources

Multi-source heterogeneous data in intelligent
manufacturing can be classified into four categories
based on its origin. The first category comes from
internal enterprise information systems, such as Product
Data Management (PDM) and Enterprise Resource
Planning (ERP) systems. The second category originates
from various intelligent devices on the production floor.
Examples include Computer Numerical Control (CNC)
machines, measuring instruments, forging and pressing
equipment, and milling machines equipped with
industrial IoT sensors. The third category comes from
external feedback to manufacturing enterprises, such as
online search engines and market feedback®”!. The fourth
category is derived from the production environment,
such as temperature, humidity, air quality, terrain, and

traffic conditions?®®*”.

By integrating  these  sources, intelligent
manufacturing data includes R&D records, equipment
attributes, energy consumption logs, production
schedules, operation status, environmental parameters,
product-related information, monitoring videos and
audio, and third-party data. It spans the entire production
process, reflecting the high complexity and broad
diversity of its sources.

3.2.2 Heterogeneity of Data

The heterogeneity of intelligent manufacturing data
mainly stems from differences in data structure and data
type. In industrial scenarios, the data can be grouped into
three types: structured, semi-structured, and unstructured.

* Structured data is stored in relational databases and
is typically two-dimensional. A common example is
product order data.

» Unstructured data lacks a predefined model. It
exists in varied formats and is harder to mine and
integrate. Examples include monitoring videos, product
images, Word/PDF documents, and engineering files like
BOM drawings.

* Semi-structured data contains tags that separate
semantic elements but do not follow relational database
formats. This type includes formats like JSON and XML,
which blend structured content with a flexible schema.

Even within the same data type, structures may vary
across sources. For example, structured data from
different databases may have inconsistent naming, fields,
formats, or contents. Unstructured data also varies widely
in format and structure. Semi-structured data, being self-
describing, often lacks uniform standards. This diversity
contributes significantly to the overall heterogeneity of
multi-source heterogeneous data.

The heterogeneity of industrial big data is also
reflected in the fundamental differences in information
representation—namely, its multimodal characteristics.
Multimodal data refers to datasets obtained through
various types of perception devices or sensors, presenting
different forms such as images, audio, vibration signals,
temperature signals, and more. This type of data
overcomes the limitations of single-source perception by
collaboratively representing the same object or event™”.
While multimodal data and multi-source heterogeneous
data are categorized from different perspectives—the
former focusing on differences in perception modalities,
and the latter emphasizing differences in data sources and
structures—they are closely related. Deep learning
methods based on multimodal data are being increasingly
applied in industrial fault diagnosis?®'>?!.

3.2.3 Similarity, Correlations, and Differences

Among Data Features

* Similarity means that data generated at different
stages of the product life cycle describe the same product.
Therefore, overlapping or similar features are inevitable.
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* Correlation refers to the interdependence among
data from different sources. Since the data describes the
same product from multiple perspectives, it often
contains mutually influential information. Extracting
these correlations helps generate more refined and
accurate features.

« Difference refers to the variation in features due to
data type or perspective. Some data captures product
characteristics that are unique to a specific stage of the
life cycle.

The existence of similarity and correlation creates
complementarity between data sources. For example, in
fault diagnosis, infrared images and vibration signals are
both useful. Each has its limitations, but combining them
enhances the outcome. This leads to a synergistic effect—
"T+1>2"

Based on this analysis, a multi-source heterogeneous
data in an intelligent manufacturing system is
constructed, as shown in Fig. 5. Data collected by
intelligent workshop equipment includes unstructured
data like images and videos, and structured time-series
sensor data. Data from information systems is mostly
structured, but also includes semi-structured log files and
JSON, as well as unstructured images and PDF files.
External enterprise data is mainly unstructured.
Environmental data from the workshop surroundings is
typically structured. Among all data, the similarities,
correlations, and differences in features are the most
meaningful aspects. These elements also serve as the key
distinguishing characteristics of intelligent manufacturing
data, setting it apart from traditional industrial big data.
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Fig.5 The multi-source heterogeneous data system
of intelligent manufacturing

3.3 Architecture

To fully exploit the massive multi-source
heterogeneous data generated throughout a product's life
cycle, timely and effective data management and
utilization are necessary to achieve the goal of enhancing
manufacturing value driven by data. Therefore, a system
for multi-source heterogenecous data in intelligent
manufacturing is constructed”® to fully mine the value of

multi-source  heterogeneous  data in  intelligent
manufacturing and realize technological and intelligent
upgrades for manufacturing enterprises.

Data acquisition is the foundation for processing
multi-source  heterogeneous  data in intelligent
manufacturing. Accurate data is a prerequisite for
reasonable production scheduling, monitoring, and
maintenance of production equipment. For different types
of multi-source heterogeneous data in intelligent
manufacturing, appropriate data collection methods and
transmission approaches should be adopted to ensure that
data is stored in a timely and accurate manner.

The diversity of the structures of multi-source
heterogeneous data in intelligent manufacturing poses a
significant challenge for data storage. Therefore, how to
store the collected multi-source heterogencous data is the
foundation for analyzing multi-source heterogeneous data.

Multi-source heterogeneous data in intelligent
manufacturing processing mainly includes processes such
as data cleaning and dimensionality reduction, data
integration, fusion, and data modeling. By leveraging
techniques such as data mining, machine learning, and
deep learning, the inherent patterns within the data can be
extracted, and the complementary advantages of different
data sources can be utilized to provide guidance for
actual production activities.

At present, the multi-source heterogeneous data of
intelligent manufacturing is mainly concentrated in many
fields such as research and development design,
equipment maintenance and production guidance, such as
digital twin model development and equipment remaining
life prediction.

4 Key Technologies

Based on the system architecture of multi-source
heterogeneous data in intelligent manufacturing, a
corresponding key technology framework is constructed,
as shown in Fig.6. Core technologies are presented across
six stages: data acquisition, transmission, organization,
storage, processing, and application. Current methods are
summarized, and a technical route for enterprise practice
is offered. The novelty of the framework can be identified
in three aspects. First, clear boundaries are defined
between integration and fusion processes. Second,
standardized interfaces for  heterogencous  data
governance are embedded. Third, each technical stage is
explicitly linked to industrial application scenarios,
including fault diagnosis, digital twin modeling, and
production decision-making.

4.1 Acquisition

The sources of multi-source heterogeneous data are
complex. They include equipment data, product data,
process data, environmental data, and operational data.
Due to different industrial communication protocol
standards, the protocols used by various automation
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Fig.6 Key technology system for multi-source heterogeneous Data in intelligent manufacturing

devices are often inconsistent and incompatible. This
results in differences in data formats, versions, and
semantics across sources. Therefore, acquiring multi-
source heterogeneous data requires designing specific
access devices for each data type, along with protocol
parsing and data transmission functions*!.

The proposed framework has also been compared
with the Industry 4.0 Reference Architecture Model. In
the Reference Architectural Model Industrie 4.0 (RAMI
4.0), vertical and horizontal integration of business,
functional, and technical layers is emphasized. In our
framework, cross-stage feature correlations from design,
production, and operation are highlighted. This difference
shows the novelty of our approach. Redundant features
are reduced. Decision support across the full product life
cycle is improved.

Radio Frequency Identification (RFID) technology
is used to collect real-time information such as product
status, timestamps, and quality®>*®!. Industrial sensors are
deployed to obtain key performance indicators, such as
current, voltage®®”, and vibration signals™®. Tools such as
Flume and Kafka”! are used to process large volumes of
log data. Software development kits provided by
hardware vendors are utilized to collect multimedia data,

including audio and video*”. In addition, data can be
exported from information management systems.

For communication protocols, technologies such as
protocol conversion, parsing, and middleware can be
used to unify different industrial protocols. In scenarios
with high real-time and accuracy requirements, such as
industrial robots, industrial Ethernet or fieldbus systems
are typically adopted. Highly confidential data should be
transmitted via local area networks. For workshop
sensors, sensor networks can be constructed. For
multimedia data such as images, audio, and video,
industrial 5G can be utilized. Different transmission
methods should be selected according to specific
application requirements.

A modular acquisition scheme is proposed. Each
module is designed for one type of data such as sensor
signals, enterprise information, or multimedia content.
The modules are flexibly combined according to
enterprise needs. In a workshop environment, vibration
signals and thermal images are acquired simultaneously
and aligned by time stamps. A dual-source dataset for
fault diagnosis is formed. This modular design ensures
scalability and adaptability to different industrial
scenarios.
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4.2 Storage

Traditional databases such as MySQL, Oracle, and
other relational systems, or non-relational databases like
HBase and MongoDB, typically support only one or two
data types. They struggle to meet the complex storage
demands of heterogencous data. As a result, hybrid
storage solutions have emerged. One example is the Redis-
MongoDB-HDFS architecture!*!),

Besides database research, some scholars have
proposed  storage  algorithms  for  multi-source
heterogeneous data. For example, they convert design,
product, and service data into unified semantic
expressions and store them in index structures!*?. These
emerging architectures and algorithms provide new ideas
for data storage.

Storing multi-source heterogeneous data is not only
about selecting databases and algorithms. It also involves
managing massive and complex data. This includes data
definitions, standards, permissions, and security. Data is
distributed across systems. Data from different sources
may have different storage modes, logical structures, and
encoding protocols. To enable integration, the data must
be standardized. Clear definitions and unified standards
should be established to ensure consistency. Permissions
must be properly managed. Security measures should be
strengthened to prevent data leaks and ensure control.

4.3 Integration

In the actual production process, due to the
complexity of the multi-source heterogeneous data
sources in intelligent manufacturing and the diversity of
collection methods, the collected raw data inevitably
contains data inconsistencies, data conflicts, incomplete
data, and data errors. Therefore, the first step is to clean
the raw data, detect and process the "dirty data" in the
raw data. Techniques such as missing value
imputation[43], noise removal, outlier identification, and
data dimensionality reduction*” can be used to improve
data quality, and the multi-source heterogencous data can
be integrated.

The integration of multi-source heterogeneous data
primarily aims to overcome the structural differences
among data from various sources and achieve the
physical or logical connection of data sets with different
characteristics. Traditional data integration methods
include schema matching approach, XML based data
integration, and  federal/middleware approach[45].
However, due to the neglect of data semantic information,
they struggle to handle complex semantic relationships
between data.

4.4 Fusion

Compared to data from a single source, multi-source
heterogeneous data focuses on data feature fusion, taking
the similarities, differences, and complementarity of data
characteristics as the entry point. From multiple

dimensions and stages, it can reflect the true state of an
entity. Data fusion technology can integrate the inherent
features of data from different sources, overcome
structural differences between different data sources, and
enable data from different sources to complement each
other. This allows for more accurate extraction of data
features.

Data integration focuses on the structural and
semantic alignment of heterogeneous data sources,
achieving a unified logical or physical connection across
different datasets. Data fusion, in contrast, is built on the
results of integration and emphasizes feature-level
processing. It extracts and combines complementary
features from different data sources, aiming to generate
more representative and discriminative data representations
for downstream tasks'*.

To further strengthen the technical discussion on
data fusion, more fine-grained distinctions among
different fusion approaches are highlighted here. In
particular, feature-based fusion has evolved significantly
with the adoption of cross-modal transformer models. For
example, visual-language pretraining frameworks can be
adapted to industrial scenarios, where machine vision
images are combined with sensor time-series signals to
improve fault diagnosis and anomaly detection accuracy.
These frameworks utilize attention mechanisms to align
heterogeneous modalities and capture temporal-spatial
correlations that traditional fusion methods cannot fully
exploit.

Moreover, a systematic comparison of stage-based,
feature-based, and semantic-based fusion methods is
provided in Table 1, summarizing their technical
characteristics, advantages, limitations, and representative
industrial use cases.

4.5 Applications

Single-source data can only reflect the state of an
object or system from a certain aspect, and has certain
limitations. The widespread use of numerous Internet of
Things (IoT) devices has increased the quantity and
dimensions of multi-source heterogeneous data in
intelligent manufacturing!”’. At present, the application
of multi-source heterogencous data in intelligent
manufacturing is mainly concentrated in several areas,
including equipment maintenance, production guidance,
and research and development design.

Monitoring the status of industrial equipment and
predicting its next stage is a typical scenario for the
application of multi-source heterogeneous data in
intelligent manufacturing. It is widely used in equipment
condition  monitoring”®*’),  remaining useful life
prediction™”), and fault diagnosis®").

In the field of production guidance, the main focus is
to mine the potential value of multi-source heterogeneous
data in intelligent manufacturing, providing guidance for
enterprise  production and promoting production
optimization. This mainly involves industrial quality
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Table 1 Comparison of multi-source heterogeneous data fusion methods in intelligent manufacturing

Fusion . S . .
Methods Technical Features Advantages Limitations Typical Industrial Use Cases
Stage- Data are integrated at early, Simple and interpretable; Low scalability; limited  Fundamental equipment

based intermediate, or late stages using

fusion rule-based or statistical methods. dimensional sensor data.
Features are extracted from different
modalities using deep neural Captures complementary
Feature- networks (e.g., CNNs for images, information; supports real-

based RNN s for signals). Recently, cross-

fusion modal transformers such as vision-
language pretraining frameworks
have been applied.

models.

Semantic- Ontologies, knowledge graphs, and
based semantic mapping are applied for
fusion cross-domain integration.

effective for low-

time diagnosis; improved
accuracy with advanced

Provides high-level
abstraction; enables
knowledge transfer across
systems and organizations.

effectiveness for high-
dimensional
unstructured data.

monitoring and anomaly
alerting (e.g., temperature or
pressure sensors).

Real-time fault diagnosis (e.g.,
combining vibration signals
with thermal images) and
predictive maintenance.

Requires large labeled
datasets; high
computational cost.

Difficult to construct
unified ontologies; low
adaptability to rapidly
changing data.

Cross-departmental data
sharing, supply chain
integration, and digital twin
construction.

52,53] ]

assessment">>*) production decision optimization®*,
workshop resource allocation™™, and other aspects.

In the field of research and development design,
multi-source  heterogeneous  data in  intelligent
manufacturing is mainly used as a system driving force,
with further development and utilization based on this
data. It is primarily applied in the development of digital
twin models®®*"), equipment condition monitoring?®*>?,
and other areas.

Furthermore, cross-domain integration and emerging
trends have  been  emphasized. Multi-source
heterogeneous data has been increasingly integrated with
supply chain management, energy utilization, and
workforce  coordination to achieve system-wide
optimization. Applications in predictive maintenance,
green manufacturing, and carbon emission management
have been recognized as critical directions. With the
advancement of large-scale models and federated
learning, multi-source heterogeneous data is expected to
provide stronger support for full life-cycle management
and sustainable value creation. In this way, the evolution
of intelligent manufacturing is anticipated to be further
promoted.

5 Case Study

Using China's furniture industry as an example,
issues such as data collection and analysis difficulties,
data chain connectivity challenges, and low design
efficiency have been identified as major obstacles to the
transformation ~ and  upgrading of  intelligent
manufacturing. The full utilization of multi-source
heterogeneous data generated during production and
manufacturing processes is regarded as essential. The
enabling of data value is considered crucial for the digital
transformation of the furniture industry.

This case study was derived from a joint project
between the research group and a furniture manufacturing

enterprise. The research object was the furniture
assembly board production line. This factory mainly
focuses on the processing and manufacturing of assembly
boards, covering processes such as raw material sorting,
robotic stacking, finger-jointing, sanding, and curing.

The production process is as follows: The raw wood
materials are sorted by color, texture, and other methods
to select those with similar colors and textures.
Different types of wood are then stacked using robotic
arms. A finger-jointing machine is used to join the raw
wood materials, and a finger-jointer combines wood
blocks of similar sizes into long strips. These long
strips then go through sanding and defect repair.
Finally, long strips of the same size are assembled in a
certain proportion to form wooden boards, which are
then transferred to a conditioning room for curing, as
shown in Fig.7.

Wood Raw Sorted by .
Material | l Color | Sacking ]
Sanding 4—[ Finger Joint H Comb Teeth ]
Jointed Board —-[ Health
L Preserving

Fig.7 The procedure of wood processing

Wood Finished
Products

During these processes, large volumes of multi-
source heterogeneous data are generated. Equipment-side
data are collected through PLC systems and industrial
sensors, including status, current, voltage, power, and
fault information. Process-side data includes material
batches, alarms, dispatching, and reporting streams.
Environmental and energy data record temperature,
humidity, and energy consumption per output. Visual data
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are captured by station cameras, providing images for
surface quality and defect inspection. All data are
aggregated via local networks and 5G gateways and
uploaded in real time to the enterprise cloud, ensuring
temporal consistency and traceability.

A modular acquisition scheme is adopted. Each data
source is connected through standardized interfaces.
Timestamps are used for cross-source alignment. For
storage, a layered design is employed. Online data are
directed to time-series and cache layers to support real-
time monitoring and early warning. Historical data are
stored in distributed and relational databases, such as
HBase and SQL Server, to enable retrospective analysis
and reporting. Integration is achieved through codebooks
and master data dictionaries, ensuring semantic alignment
across systems for attributes such as energy, power,
working hours, and material codes. Feature-level fusion
is performed. Missing values are imputed, anomalies are
suppressed, and redundant features are reduced through
variance and correlation constraints. Standardization and
alignment are carried out before concatenation, resulting
in task-oriented joint feature representations. Applications
focus on process quality assessment, energy anomaly
detection, and resource optimization, with results fed

Distributed
cloud storage

Data modeling

back through visual dashboards. The system design aligns
with the enterprise's existing 5G + edge-cloud
collaboration + distributed storage architecture.

On the analytical side, Hadoop and distributed
storage platforms are employed to organize and
standardize the heterogeneous data. HBase is used for
unstructured and semi-structured data, while SQL Server
supports  structured data, achieving cloud-based
management. Task-driven feature fusion is adopted. For
quality-related tasks, interpretable models such as
gradient boosting trees are applied for process and energy
evaluation and threshold-based warnings. Lightweight
convolutional networks are used for defect image scoring,
and probabilities are combined with time-series features.
For energy-related tasks, short-term forecasting is
performed through autoregressive models or lightweight
RNNS, targeting energy consumption per unit output and
key operating indicators. Feature engineering follows
unified alignment, normalization, and robust scaling.
Redundant features are removed by correlation and
variance thresholds. Class imbalance is mitigated through
undersampling and cost-sensitive training. Rolling
windows are used for training, validation, and evaluation
to ensure reproducibility.

Intelligent decision

Metea data

Genetic algorithm

Job scheduling

ata processing

Data acquisition

Deep learning

Collaborative
production

Data compression

Reinforcement
learning

Health monitoring

Perception

Feedback

Fig.8 The application of multi-source heterogeneous data in an intelligent factory

In this case, the proposed framework is mapped onto
a real production line scenario to demonstrate its potential
applicability. Multi-source features derived from the
production process were conceptually aligned with tasks
such as quality assessment, anomaly detection, and
energy management. For instance, modular acquisition
and layered storage ensured that equipment-side, process-

side, environmental, and visual data could be captured
and organized in a timely and consistent manner.
Integration and feature-level fusion were then applied to
generate task-oriented feature representations, which
could support applications including process quality
monitoring, energy anomaly detection, and resource
optimization.
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This case study demonstrates the feasibility and
practical relevance of the proposed framework. Its key
characteristics lie in modular acquisition, layered storage,
semantic integration, feature-level fusion, and application-
driven closed-loop feedback. Together, these features

provide a conceptual pathway for intelligent
manufacturing  enterprises to  achieve  quality
improvement, energy optimization, and predictive
maintenance, and highlight the potential of the
framework for broader application in discrete
manufacturing scenarios.
6 Future Directions
6.1 Storage of Unstructured Data

Multi-source heterogeneous data in intelligent

manufacturing encompasses structured, semi-structured,
and unstructured data (e. g., images, videos, product
drawings, BOM diagrams). Storage management must
support unified storage and efficient retrieval across all
these types, including specialized engineering data such
as 3D model files. However, existing research
predominantly addresses general unstructured data
(images, videos) and overlooks domain-specific formats.
Therefore, future work should develop storage
frameworks that accommodate the professional
characteristics and complex scenarios of manufacturing
data.

6.2 Integration and Fusion of Multiple Data
Types

The integration of multi-source heterogeneous data
in intelligent manufacturing primarily addresses
structural and semantic inconsistencies across datasets.
Current studies mostly focus on structured data, but
traditional schema-matching and middleware methods
remain insufficient to handle the complexity of semantic
conflicts in real industrial environments. Future research
should  therefore = emphasize  semantic-enhanced
integration approaches, such as ontology construction and
knowledge graph alignment, to achieve more reliable
cross-source consistency and provide a solid foundation
for subsequent processing.

Data fusion, in contrast, is conducted after
integration and focuses on feature-level representation.
By combining complementary information across
modalities (e. g., vibration signals, thermal images, and
textual logs), fusion can generate more discriminative
features that better reflect the true state of industrial
entities. However, most existing work is still limited to
sensor-level fusion. The potential of multimodal deep
fusion, particularly cross-modal transformers and
generative models, remains underexplored. Future
directions should include exploring fine-grained feature
alignment, adaptive weighting strategies, and robustness
enhancement under missing-modality scenarios, so as to

fully exploit the value of multi-source heterogeneous data.

In summary, integration resolves how data can be
connected and made consistent, while fusion resolves
how features can be jointly represented and utilized. A
clear distinction between these two stages ensures that
heterogeneous data can support more accurate fault
diagnosis, predictive maintenance, and digital twin
applications in intelligent manufacturing.

6.3 Lack of High-quality Multi-source
Heterogeneous Datasets

Currently, publicly available datasets in the
manufacturing industry typically only provide one-
dimensional time-series data collected from multiple
sensors, lacking truly diverse heterogeneous data such as
images, videos, and text. Therefore, future research
efforts should focus on constructing high-quality multi-
source heterogeneous datasets from real industrial
scenarios to drive further development of technologies
related to multi-source heterogeneous data in intelligent
manufacturing. This limitation also underscores the
necessity of coordinated efforts and innovative technical
solutions, which are further discussed in Section 6.4.

6.4 Emerging Solutions and Pathways

To address the aforementioned challenges, several
promising research and application directions can be
further pursued.

A combined architecture can be adopted, where edge
nodes preprocess unstructured files for real-time access
and rapid response, while cloud systems focus on long-
term archiving and integrity verification. In particular,
blockchain-based mechanisms can be introduced to
ensure the immutability and traceability of archived
manufacturing data.

Industry-academia  collaboration  should  be
encouraged to  build standardized multi-source
heterogeneous data benchmark datasets. These datasets
may include time-series sensor signals, CAD files, and
production logs from sectors such as automotive and
electronics. To guarantee compliance with privacy and
data security requirements, federated learning and
privacy-preserving data sharing frameworks can be
employed.

Generative  artificial  intelligence,  especially
diffusion models, can be leveraged to enrich scarce non-
structured data and enhance the robustness of fusion
processes. By synthesizing missing or under-represented
modalities, generative models can significantly improve
the resilience of data-driven intelligent manufacturing
systems under real-world incomplete data scenarios.

Overall, addressing these future challenges through
advances in storage, integration, dataset construction, and
emerging solutions will significantly enhance the
utilization of multi-source heterogeneous data, enabling
more reliable fault diagnosis, predictive maintenance, and
digital twin applications in intelligent manufacturing.
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7 Conclusion

This paper first elucidates the connotation,
characteristics, and differences and similarities between
multi-source  heterogeneous  data in intelligent
manufacturing and industrial big data. It then analyzes
and discusses the key technologies for processing multi-
source heterogeneous data in intelligent manufacturing
and proposes a main technical system framework.
Finally, it explores the future development directions of
multi-source  heterogeneous  data in  intelligent
manufacturing. As the volume of multi-source
heterogeneous data in intelligent manufacturing gradually
increases, the manufacturing industry urgently needs new
technologies to realize the management of massive multi-
source heterogeneous data and eliminate the barriers
between different types of data, thereby promoting the
transformation  of  traditional —manufacturing and
facilitating the development of intelligent manufacturing.
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