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Abstract—Industrial Cyber-Physical Systems (ICPS) inte-
grating disciplines such as computer science, communica-
tion technology, and engineering, have become a crucial
component of modern manufacturing and industry. How-
ever, ICPS faces numerous challenges during long-term
operation, including equipment faults, performance degra-
dation, and security threats, etc. To achieve efficient main-
tenance and management, prognostics and health manage-
ment (PHM) has been widely applied in the critical tasks of
ICPS such as fault prediction, health monitoring, and main-
tenance decision-making. The emergence of large-scale
foundation models (LFMs) like BERT and GPT marks a
significant advancement in artificial intelligence (AI) tech-
nology, demonstrating substantial application potential in
multiple fields. The accumulation of AI technology, rapid
development of LFMs, and the abundance of industrial data
and industrial process knowledge provide the foundational
conditions for the construction and advancement of indus-
trial LFMs. However, there is currently a lack of consensus
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on applying LFMs of PHM in ICPS, necessitating a system-
atic review and roadmap to clarify future development di-
rections. To bridge this gap, this survey provides a compre-
hensive survey and understanding of the recent advances
in LFMs of PHM in ICPS. It provides valuable references for
decision makers and researchers in the industry, and helps
to further improve the reliability, availability and safety of
ICPS.

Index Terms—Industrial cyber-physical systems, prog-
nostics and health management, fault diagnosis, remaining
useful life, large-scale foundation models, industrial pro-
cess knowledge.

I. INTRODUCTION

W ITH the rapid development of science and technology
and the continuous progress of intelligent manufactur-

ing, a revolution has been developed in industrial systems to
make them more intelligent via the information communication
technologies (ICT). With the increasing penetration of the ICT
in industrial systems, the transformation of traditional industrial
settings into the industrial environment on cyber-physical sys-
tems (CPS) pushes the development of industrial cyber-physical
systems (ICPS) [1]. ICPS is a system that integrates physical
machinery, sensors, actuators and communication network sys-
tems in industry [2]. The modern equipment is developing in the
direction of large-scale, complexity, and intelligence [3]. Once
the mechanical equipment failure, may cause major accidents,
will bring huge economic losses. If faults can be detected in
time and appropriate decisions can be made, accidents can be
avoided to the maximum extent possible. On one hand, prognos-
tics and health management (PHM), which includes condition
maintenance, fault diagnosis, trend prediction, and life cycle
assessment, provides an effective tool for the safety and reliable
operation of ICPS [4]; on the other hand, by leveraging advanced
technologies such as data analytics, machine learning, and ar-
tificial intelligence, ICPS can monitor, control, and optimize
physical processes in real time, which can help to improve the
accuracy and efficiency of PHM in return.

Traditionally, the PHM for ICPS can be divided into two
ways: model-based methods and data-driven methods. Model-
based PHM methods usually need to establish system mod-
els of complex ICPS based on physical knowledge and
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mathematical foundations, which grow more and more complex
with the increase of system integration degree. Data-driven PHM
methods can provide the state estimation results via analyzing
the sensor data in ICPS without the requirement of prior knowl-
edge and therefore develop rapidly. Especially in recent years,
data-driven PHM methods in ICPS have undergone significant
development, driven by emerging technologies such as artificial
intelligence (AI) and machine learning (ML). Classical deep
networks such as convolutional neural networks, auto-encoders,
and recurrent neural networks have become effective tools for
PHM [5], [6]. However, deep learning-based PHM methods in
ICPS still faces many challenges. Firstly, the data in ICPS come
from different types of equipment and sensors with different
formats and features, and the heterogeneous data from multiple
sources can limit the representation capability of model. Sec-
ondly, decisions require clear explanations and justifications in
ICPS, and thus require the development of interpretable PHM
models for fault diagnosis and prediction. In addition, existing
methods are limited to designing specific models for specific
ICPS scenarios, and the trained models cannot be applied to
other tasks or even similar tasks. Therefore, PHM models need
to have generalization capabilities to cope with complex ICPS
scenarios.

Recently, transformer-based large language models (LLMs)
(e.g., GPT-3 [7], T5 [8], BERT [9], etc.) and vision foundation
models (VFM) (e.g., ViT [10], CLIP [11], SAM [12], etc.) have
achieved outstanding performance in language understanding
and vision recognition tasks. The success of ChatGPT proves
the effectiveness of large-scale foundation models (LFMs),
which triggers the research of large models in various industrial
domains, such as the medical large model Med-PaLM [13],
Ocean large model AI-GOMS [14], and Geographic large model
ERNIE-GeoL [15]. How to leverage cross-domain knowledge
in industry to build industrial LFMs has sparked great interest
among scholars.

To overcome the limitations of existing PHM methods in
ICPS, LFMs offer possible solutions for industrial systems.
LFMs are trained on large-scale diverse data, learn complex
patterns and relationships without explicit feature engineering,
and can be fine-tuned to capture domain-specific knowledge of
mechanisms and dynamics. Yan et al. summarised the current
state of PHM development and proposed raodmaps of LFMs
for PHM [16]. Considering the specificity of ICPS, there is no
conclusion on how to build LFMs in ICPS, and there is a lack
of systematic literature review. To fill this gap, we explore in
this article the potential of LFMs to address the ICPS-PHM
challenge, focusing on their scalability, adaptability and perfor-
mance. Through this survey, we aim to provide a comprehensive
understanding of the capabilities and limitations of LFMs in
industrial systems. By identifying key research directions and
challenges, we hope to stimulate further developments in the
field and pave the way for the successful integration of AI
technologies into ICPS. The contributions of this paper can be
summarised as follows.

1) This survey provides a comprehensive review of key
technologies and research advances in PHM for ICPS, and
summarizes the industrial process knowledge in ICPS.

2) This survey reviews the main components, research
progress and practical applications of the LFMs.

3) Taking into account the actual circumstances in ICPS, this
survey systematically analyzes how to establish LFMs of
PHM in ICPS, emphasizing that industrial knowledge is
the key to improving the interpretability and trustworthi-
ness of the models.

4) This survey analyzes the challenges and possible solu-
tions for LFMs of PHM in ICPS, taking into account the
data situation in ICPS and the limitations of AI technol-
ogy.

The rest of the paper is organized as follows. Section II
focuses on the architecture of ICPS and key technologies of
PHM. Section III describes to the key components of LFMs and
its research advances and applications. Section IV presents the
industrial process knowledge in ICPS. Section V systematically
describes the research developments in PHM for ICPS and how
to implement the LFMs. Section VI provides a comprehensive
discussion of opportunities and challenges for LFMs in ICPS.
Conclusions are presented in Section VII.

II. PROGNOSTICS HEALTH MANAGEMENT FOR ICPS

ICPS is a networked control system that deeply integrates
sensing, computing, control, Internet and physical objects, and
it is an important part of the national economic construction.
ICPS have complex topologies, diverse abnormal threats, and
inefficient system recovery after failures. The establishment of
ICPS-PHM can not only significantly improve system reliability,
recovery efficiency and security, optimize maintenance cost,
but also support intelligent decision-making, which is of great
significance to promote the development of ICPS. In this section,
we introduce the architecture of ICPS and key technologies of
PHM in the era of Industry 4.0.

A. Industrial Cyber-Physical Systems

ICPS integrate physical components for sensing and drive
with cyber components for computing and communication to
monitor, control, and automate the operation of industrial pro-
cesses, and typically consist of a physical system and an informa-
tion system. The physical system includes sensors, controllers,
actuators, and corresponding data transmission network com-
ponents. The information system consists of data transmission
network components, data storage components, and control and
computing infrastructure components to interconnect, operate,
and intelligently manage ICPS. Therefore, the architecture of
ICPS is divided into three layers: physical layer, cyber layer, and
application layer [17], and data signals are transmitted through
various network protocols and gateway components in cyber
layer, as shown in Fig. 1. At present, ICPS have been widely used
in electric power systems [18], transportation [19], industrial
manufacturing [20] and other fields. With the rapid development
of technologies such as wireless sensors, cloud computing, and
Internet of Things (IoT), the application of ICPS will be even
more extensive [21].

When faults occur in ICPS, the physical and chemical
production processes can be severely impacted. Due to the

Authorized licensed use limited to: TIANJIN UNIVERSITY. Downloaded on August 24,2024 at 16:22:59 UTC from IEEE Xplore.  Restrictions apply. 



266 IEEE TRANSACTIONS ON INDUSTRIAL CYBER-PHYSICAL SYSTEMS, VOL. 2, 2024

Fig. 1. The general architecture of ICPS.

presence of seepage effects, these effects may propagate rapidly
through internal coupling relationships, leading to large-scale
cascading failures, which in turn cause massive economic losses,
environmental pollution, and even casualties. Therefore, it is
necessary to establish an evaluation and certification system
for ICPS safety protection and expedite the implementation of
ICPS security measures [17]. PHM has become an indispensable
maintenance strategy in modern industry through its advan-
tages of advance warning, optimized maintenance, enhanced
efficiency and safety, etc. The application of PHM to ICP can
effectively prevent and mitigate the impact of faults, ensure
the continuity and stability of the production process, reduce
economic losses, protect the environment and personnel safety.
This holds substantial economic value and social significance.

B. Prognostics Health Management

PHM aims to comprehensively utilize equipment sensor data,
expert knowledge, and maintenance support resources, lever-
aging AI methods and reasoning models to achieve equip-
ment condition monitoring, fault identification and diagnosis,
health status assessment and prediction, and ultimately pro-
vide maintenance and other health management measures [22].
Previously, ICPS maintenance strategies have evolved through
four stages: reactive maintenance, periodic preventive main-
tenance, condition-based maintenance, and predictive mainte-
nance. PHM technology integrates the concepts of condition-
based maintenance and predictive maintenance, successfully
achieving effective fault diagnosis and early prevention of equip-
ment faults.

PHM includes data acquisition and transmission of sensor
networks, equipment condition monitoring, fault diagnosis, re-
maining useful life prediction and health management, etc, and
the framework as shown in Fig. 2. First, status data such as
vibration, rotational speed and temperature are collected by
sensors deployed on the equipment. Considering the influence

of working conditions and noise, signal preprocessing methods
are essential to ensure the quality of data. Subsequently, fault
feature information is extracted from data, including signal
processing-based methods and deep learning-based methods.
Then, anomaly detection, fault diagnosis and prediction are
performed based on the fault features. Finally, maintenance
decisions and recommendations are made based on the fault
diagnosis and prediction results. Fault diagnosis and remaining
useful life prediction are key techniques of PHM, which are
essential for achieving effective management and maintenance
of equipment [23].

1) Fault Diagnosis: The evolution of fault diagnosis has pro-
gressed from experience-driven, to model-driven, and then to
knowledge-driven and data-driven [24]. Initially, fault diagnosis
mainly relies on the experience and intuition of maintenance per-
sonnel, which suffered from high subjectivity and low efficiency.
Subsequently, fault diagnosis began to introduce mathematical
models, establishing physical or mathematical models of the
equipment to achieve more objective and precise fault identifi-
cation. In the 1990 s, knowledge-based fault diagnosis began to
emerge. These methods extract expert experience and diagnosis
rules to establish fault knowledge base, enabling more intelligent
fault diagnosis.

In recent years, with the advancement of sensor technology
and Big Data analysis techniques, data-driven diagnosis methods
based on massive operational data have gradually matured. The
intelligent fault diagnosis (IFD) method based on deep learning
can adaptively extract features from vibration signals, providing
excellent fault diagnosis results while significantly improving
the efficiency of diagnosis. However, due to the complexity of
industrial equipment structures and the variability of operating
environments, IFD faces various challenges. To ensure stable
and reliable fault diagnosis, these challenges must be carefully
considered and addressed.

Firstly, equipment monitoring data typically originate from
multiple sensors and various measurement points, such as vi-
bration, temperature, and pressure. This multi-source heteroge-
neous data provides information about equipment health from
multiple dimensions but they can impact reduce the model’s
ability to learn representations. Secondly, industrial equipment
usually operates under healthy conditions, so there is much more
health data than failure data. Therefore, industrial data suffers
from small samples and long-tailed distributions. Therefore,
industry suffers from data imbalance problems such as few-
shot and long-tailed distributions. Additionally, deep learning
models generally assume that training and testing data are inde-
pendent and identically distributed (i.i.d.), but this assumption
may not hold for industry. The operational conditions of the
equipment, including speed, load, and environmental factors,
are highly complex and variable. As a result, there is distri-
bution drift between training and testing data, which hinders
the diagnosis accuracy of deep learning models in real-world
scenarios.

To address these practical challenges, researchers have been
actively exploring various methods. Currently, the focus of deep
learning-based fault diagnosis research includes information
fusion [25], data imbalance and few-shot learning [26] as well
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Fig. 2. Illustration of PHM framework of ICPS.

as domain transfer and domain adaptation [27]. These advanced
techniques promise to significantly improve the accuracy and
reliability of IFD for industrial equipment.

2) Remaining Useful Life Prediction: Fault prediction aims
to provide early warnings of potential faults in industrial equip-
ment, predicting degradation trends and remaining useful life
(RUL). Based on current classification methods, RUL prediction
models are divided into two categories: physics-based models
and data-driven models [28]. Physics-based models are con-
structed through mathematical or physical models of degrada-
tion phenomena in industrial system components, using special-
ized models to characterize degradation and substitute existing
data into the models to determine RUL. Data-driven models rely
on previously observed data to predict the future state of the
system or infer RUL by matching similar historical patterns.
Data-driven models can effectively model highly nonlinear,
complex, and multidimensional systems without requiring prior
expert knowledge of the physical behavior.

The core aspects of RUL include: 1) assessing the current
health status of the equipment, constructing health indicators
(HI), and analyzing potential degradation trends; 2) estimat-
ing the time when the equipment may fail in the future and

predicting the RUL. The construction of HI for industrial
equipment is fundamental for RUL prediction, as an appropriate
HI construction method can ensure the accuracy of subsequent
fault predictions. Accurate RUL prediction provides a basis
for determining the optimal maintenance time of equipment,
thus achieving economic operation and maintenance. Traditional
physics-based RUL prediction methods need to consider the
internal fault mechanisms of the equipment, which can be limit-
ing when applied to complex industrial equipment. Data-driven
methods can directly extract the changing patterns of health sta-
tus characteristics from condition monitoring data. Data-driven
RUL prediction methods within deep learning frameworks have
promising application prospects [29], [30].

III. LARGE-SCALE FOUNDATION MODELS

The parameter sizes and training data volumes of LFMs have
rapidly increased, significantly enhancing model performance.
Consequently, the research and application of LFMs have be-
come hot topics in artificial intelligence. In this section, we
explore the key Components of LFMs and their development
and applications.
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Fig. 3. Model architecture of the transformer.

A. Key Components of LFMs

1) Multiple Self-Attention Mechanism: Self-attention (SA) is
the basic module in Transformer. SA projects the input se-
quences into the set of queries Q, keys K, and values V
with dimension C via three learnable linear mapping matrices
WQ,WK ,WV , and then obtains the self-attention weights by
using the following formula:

SA(Q,K, V ) = Softmax

(
QKT

√
C

)
V (1)

By linearly transforming the input sequences, SA is able
to capture the semantic features and distant dependencies of
the input sequences. Multi-headed self-attention (MSA) is an
extension of SA, which consists of n SA heads, realizes the
attention operation by paralleling it, and splices the outputs of
all the SA heads after a linear projection layer:

MSA(Q,K, V ) = Concat (SA1, SA2, L, SAn) ∗W 0 (2)

where W 0 denotes the weight of the fully connected layer for
fusing the output weights of multiple attention headers.

2) Transformer: With its exceptional model capacity and
parallelization capabilities, the Transformer has become the
standard backbone model for developing various LFMs. The
architecture of Transformer as depicted in Fig. 3, consists of a
stack of multiple encoders and decoders [31]. Each encoder is
composed of two basic components: a MSA module and a feed-
forward network (FFN) module. The MSA module employs a
SA module to learn the relationships within the input sequences,
while the FFN module includes an activation function and two
linear normalization layers (LayerNorm). The MSA and FFN
modules utilize residual connections and layer normalization
structures. Given an input x0 and its positional embedding xpos,

the output xk of the k − th encoder can be represented as:

x0 = x0 + xpos

xk = LayerNorm(xk−1 +MSA(xk−1))

xk = LayerNorm(xk + FFN(xk)) (3)

The decoder consists of two MSA modules and one linear
layer. The first MSA module adds a one-way attention mask
so that the input embedding vectors can only focus on past
embedding vectors and themselves, ensuring that the prediction
results depend only on the generated output lexical elements.
Subsequently, the output of the masked multi-attention module is
processed along with the output of the encoder through a second
MSA module. The visual Transformer has a similar structure,
with the difference that the input is a combination of 2D image
embedding vectors, positional coding and category embedding
vectors.

B. LFMs for NLP and CV

Transformer effectively addresses the issue of long-term de-
pendencies in long sequence inputs, and its parallelism en-
hances training efficiency and alleviates problems such as gra-
dient vanishing and exploding due to excessively large models.
Transformer has achieved remarkable results in various tasks
within natural language processing (NLP) and computer vision
(CV), laying a solid foundation for the rapid development of
LFMs [32].

In 2018, Google introduced BERT [9], the first LLM with over
300 million parameters. RoBERTa [33] utilized more training
data and resources, introduced a dynamic masking strategy that
achieved state-of-the-art on multiple tasks. In the same year,
OpenAI released GPT-1 [34], which uses autoregressive models
for pre-training. Subsequently, GPT-2 [35] increased the number
of parameters to 1.5 billion by extending the model capacity
and data diversity. In 2020, OpenAI released the GPT-3 [7].
GPT-3 extended the model architecture based on GPT-2, and the
number of parameters reached 175 billion, realising a quantum
leap in the number of parameters of the model. ChatGPT based
on GPT-3 aroused widespread attention to AI in the society.
GPT-3.5 [36] utilized comparative learning of text embedding
and code embedding to greatly enhance the inference of the
model. In 2022, Google released the PaLM [37] with a stagger-
ing number of 540 billion parameters. In February 2023, Meta
AI launched LLaMA [38], followed by the release of the more
powerful LLaMA-2 [39] in September, which greatly advanced
the progress of LFMs.

Vision Transformer (ViT) [10] applied Transformer to CV
for the first time, validating the feasibility of Transformer as a
unified vision model architecture. In 2021, OpenAI proposed the
large-scale visual language model CLIP [11], which verified the
effectiveness of large-scale weakly supervised pre-training on
text-image combination. In 2022, Nanjing University proposed
video masked autoencoders (VideoMAE) [40], which extended
pre-trained large-scale models to the video field for video tasks
such as action recognition and action detection. In 2023, Meta AI
proposed the segment anything model (SAM) [12], a generalized

Authorized licensed use limited to: TIANJIN UNIVERSITY. Downloaded on August 24,2024 at 16:22:59 UTC from IEEE Xplore.  Restrictions apply. 



LIU et al.: SURVEY ON FOUNDATION MODELS FOR PROGNOSTICS AND HEALTH MANAGEMENT 269

Fig. 4. The trends of the LLM scale changes.

image segmentation model trained on the Segment Anything
1- Billion mask dataset [41]. SAM used prompt engineering
for downstream segmentation tasks and is able to generalise
to an unprecedented number of new objects without the need
to fine-tune downstream tasks. The PaLM-E [42] was the first
large-scale multimodal model to handle a variety of of embod-
ied reasoning tasks from a variety of observational modalities
on multiple implementations. GPT-4 extended [43] input from
textual data to multimodal data. The development of LFMs is
shown in Fig. 4.

C. LFMs for Time Series

Time series analysis is crucial in fields such as retail sales fore-
casting, time series missing value filling, and industrial anomaly
detection, etc. Many scholars have explored the possibility of
using LFMs for time series analysis. PromptCast [44] is a new
paradigm for time series prediction based on LLMs. PromptCast
transformed numerical values into prompts and constructed
prediction tasks in a sentence-to-sentence manner, enabling the
application of LLMs in prediction. TIME-LLM [45] utilized the
powerful pattern recognition and inference capabilities of LLMs
to match time series data with natural language, demonstrat-
ing superior performance in few-shot and zero-shot learning.
LLM4TS [46], TEST [47], TEMPO [48], and LLMT-IME [49]
are also time series foundation models based on LLMs, con-
tributing to the construction of a unified framework for time
series modeling.

TimeGPT [50] is the first time series LFMs to be trained using
more than 100 billion data from finance, meteorology, energy,
network traffic, etc. and allows users to fine-tune it with their own
data, which ultimately supports various forecasting and anomaly
detection tasks. TimeGPT opens up new possibilities for time
series analysis and is promising to drive further development in
related fields.

Considering the characteristics of time series data, many
scholars have conducted extensive research on time series LFMs
in specific fields. Yu et al. explored the use of LLMs to fore-
cast stock returns in the financial market [51], and Xie et al.
conducted a zero-shot analysis of ChatGPT’s ability to forecast
multimodal stock movements [52]. Brown et al. demonstrated
that, with only minor tuning, LLMs can be fundamentally trained
on a wide range of physiological and behavioural time-series

data and make meaningful inferences about affairs in clini-
cal and health settings [53]. AuxMobLCast made predictions
about future human mobility by turning human movement data
into natural language sentences and fine-tuning a pre-trained
LFMs [54].

D. LFMs for Industry

After going through the stages of mechanization, electrifica-
tion, automation, and informatization, industrial development
is currently transitioning from digitalization to intelligence. A
large amount of data, foundational capabilities, and application
scenarios have been accumulated in ICPS, providing a solid
foundation for the integration of ICPS with AI technologies.
AI is gradually demonstrating human-like understanding and
analytical capabilities. The integration of these capabilities with
industrial scenarios is introducing intelligence into industrial
production, maintenance, and health management, potentially
advancing ICPS towards an adaptive, self-decision-making, and
self-executing intelligent stage.

In November 2023, SmartMore released the first industrial
multimodal large model, IndustryGPT V1.0. The training data
for IndustryGPT V1.0 includes five major disciplines of optics,
mechanics, electronics, computer science, and software engi-
neering, and comprehensive knowledge of industries such as
equipment, mining, electric power, petrochemicals, and con-
struction, etc., covering more than 200 different industrial sce-
narios and over 3 million industrial images. It can understand
scene intentions, easily answer questions in production environ-
ments, and provide precise decision-making support. COSMO-
GPT is released by COSMOPlat in January 2024. Based on an
open-source general large model, COSMO-GPT enhances its
performance on industrial tasks through knowledge injection,
model fusion, and model judgment. With COSMOPlat’s tech-
nical accumulation in AI and massive industrial data, COSMO-
GPT boasts over 10 billion parameters and integrates more
than 3,900 mechanistic models and over 200 expert algorithm
libraries. Its functionality spans intelligent question answering,
text generation, image recognition, database querying, and de-
cision support, etc.

The accumulation of AI technology, the rapid development of
large models, and the abundance of industrial data and knowl-
edge provide fundamental conditions for the construction and
development of industrial large models. However, existing in-
dustrial large models primarily function as question-answering
support systems and are not yet capable of directly participating
in the process monitoring and health management of ICPS.
Leveraging industrial data, knowledge, and existing large model
technologies to construct LFMs of PHM can contribute to the
stable operation and healthy development of ICPS, holding
significant social and economic value.

IV. KNOWLEDGE IN ICPS

Data-driven ICPS-PHM methods lack interpretability, al-
though they can provide highly accurate prediction and diagnosis
results. Enhancing the interpretability can boost the credibility
of the model as well as subsequent optimisation of the model,
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thereby achieving more efficient and reliable PHM. Industrial
systems encompass extensive industrial knowledge, such as
equipment structure knowledge, fault mechanism knowledge,
and historical knowledge of equipment [55]. In ICPS, the richer
the knowledge stored in the system, the better the problem
solving ability. Integrating industrial knowledge into industrial
foundation models is an effective method to enhancing their
stability and interpretability [56].

Fault diagnosis, prediction and processing in ICPS mainly
involve three basic elements: diagnosis object, diagnosis sys-
tem and diagnosis knowledge. Combining the characteristics of
ICPS, expert experience and mechanism knowledge, we classify
industrial knowledge into four major categories.

A. Equipment Knowledge

Equipment knowledge includes structural, functional and be-
havioural knowledge. Structural knowledge refers to the com-
ponents of a equipment or system and their connecting rela-
tionships, covering different levels of systems, components and
parts. Functional knowledge relates to the specific functions that
need to be achieved in the design of equipment or systems,
and each structural component fulfill a particular function. The
lack of function of any structure and component may directly
or indirectly lead to fault. Behavioural knowledge describes
the state of a equipment or system, which is reflected by the
performance parameters of the system during operation.

B. System Knowledge

System knowledge includes model knowledge and historical
knowledge. Model knowledge covers deep understanding of
system principles, models, and equations, such as input-output
energy transformations and the dynamic characteristics of equip-
ment or systems. Historical knowledge covers the manufacture,
installation, monitoring, diagnosis, maintenance records, and
fault history of the equipment.

C. Fault Knowledge

Fault knowledge comprises mechanism knowledge, conse-
quence knowledge, processing knowledge and feature knowl-
edge. Mechanism knowledge is obtained by comprehensively
analysing the structure, function and behaviour of equipment
to obtain the rule of formation and development of equipment
failure. After the occurrence of equipment failure, the direct
or indirect impact on the components or the whole system is
called consequence knowledge. Processing knowledge refers
to the measures that should be taken after the occurrence of
equipment or system fault. Feature knowledge originates from
the relationship between equipment operating characteristics
and faults accumulated in practice by experts and operators, and
is used to speculate, identify and verify equipment faults.

D. Prior Knowledge

Prior knowledge includes diagnosis standards, prediction
standards, information processing knowledge, and auxiliary
knowledge. The knowledge of methods, models and criteria used

for fault diagnosis is described as diagnostic criteria. Prediction
criteria cover models, methods and judgement criteria related
to fault prediction. Information processing knowledge involves
information acquisition, computation, analysis and feature ex-
traction, such as time series analysis, wavelet analysis and time-
frequency analysis. Auxiliary knowledge refers to background
and environmental knowledge related to diagnosis and process-
ing, such as fault behaviour of similar equipment, environmental
climate conditions and monitoring systems.

V. LARGE-SCALE FOUNDATION MODELS FOR PROGNOSTICS

HEALTH MANAGEMENT IN ICPS

Data-driven PHM methods have achieved significant success
in ICPS, which utilize advanced data analytics, machine learn-
ing, and deep learning techniques to achieve equipment failure
prediction, maintenance schedule optimization, and operational
efficiency improvement. However, these methods are typically
trained and optimized for specific ICPS scenarios and tasks,
leading to limitations in generalization, multi-task processing,
and cognitive capabilities. In industrial environments, hundreds
of core components require health monitoring and fault predic-
tion. It is impractical to develop separate deep models for each
device and subsystem. Furthermore, the working mechanisms
of data-driven PHM methods often function as “black boxes”,
lacking interpretability and transparency, which hinders fault
cause analysis and expert decision support.

LFMs have demonstrated outstanding zero-shot generaliza-
tion and powerful multi-task processing abilities, particularly in
time series analysis, which demonstrates strong data processing
capability. The success of LFMs offers an effective solution to
the above challenges. To promote the research and application
of LFMs in the ICPS-PHM field, this section illustrates and
analyzes in detail how to construct LFMs of PHM in ICPS
applications from four aspects.

A. Large-Scale Datasets in ICPS

Data in the ICPS is typically time-series data collected by
a variety of sensors, such as vibration signals, acoustic signals,
currents and voltages. In addition, video, image, and text data are
also used for equipment health monitoring, such as track defect
detection [57] and equipment crack monitoring [58]. Currently,
the PHM community has open-sourced dozens of datasets, such
as bearing failure datasets [59], aircraft engine degradation
datasets [60], three-phase motor failure datasets [61], industrial
production monitoring datasets [62], and wind turbine moni-
toring dataset [63]. As a classical fault diagnosis dataset, the
CWRU bearing datasets [64] contain only a limited number of
operating conditions and four different health levels, each level
encompassing only three failure levels. Depending on the op-
erating conditions, the MFPT datasets [65] collect bearing data
for three health states, as well as ten outer ring faults and seven
inner ring faults at different loads. The DIRG datasets [66] are
designed specifically for testing high-speed aerospace bearings
and contains three health states: inner ring fault, rolling element
fault, and health states. The C-MAPSS datasets [67] comprise
operational data from four different types of aircraft engines,
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consisting of 21 sensor signals used to predict the RUL of the
engines. This dataset includes four subsets, each with varying
numbers of operating conditions and fault scenarios.

Obviously, these datasets are small in the scale, which makes
it difficult to meet the training and optimization requirements of
LFMs. The emergence of the industrial Internet and the IoT has
led to the installation of numerous sensors on modern industrial
production equipment and various complex mechanical devices,
which enables real-time monitoring of various physical quanti-
ties of the system and timely detection of abnormal conditions.
As a result, most enterprises have collected a large amount of
industrial data and established data centers. This industrial data
may include various data such as sensor signals, images, and
videos, as well as a large amount of textual information such
as maintenance work orders and reports. Therefore, building
LFMs to effectively utilize these multi-source heterogeneous
data presents new challenges. In addition, these data are usually
in the hands of equipment operators and may involve trade
secrets, thus requiring the development of solutions that comply
with stringent privacy protection regulations. Federated Learn-
ing [68], [69], [70] is a distributed machine learning frame-
work with privacy-preserving and secure encryption features.
It allows decentralized participants to collaborate in building
machine learning models without disclosing private data, pro-
viding a viable approach to address data privacy and security
issues.

B. Downstream Tasks of LFMs of ICPS

Fault diagnosis and RUL prediction form the backbone of a
PHM system that can significantly improve maintenance prac-
tices, cost savings and asset management. These technologies
not only ensure timely and accurate problem detection, but also
provide valuable foresight for proactive decision-making and
strategic planning. Therefore, robust fault diagnosis and RUL
prediction technologies are essential to the safe operation and
development of ICPS. We review deep learning-based methods
for fault diagnosis and RUL prediction, as shown in Table I.

1) Fault Diagnosis for ICPS: Fault diagnosis is a key part
of ensuring the safe and reliable operation of industrial equip-
ment. With the development of IoT and AI technologies, deep
learning-based fault diagnosis methods have gradually become
a hotspot for research by its efficiency, accuracy and adaptivity.
According to the data environment, fault diagnosis applications
are categorized into four situations.

In ICPS fault diagnosis, vibration signals are usually con-
verted to spectral images to obtain more comprehensive data
features. Traditional conversion algorithms rely on a priori
knowledge, such as continuous wavelet transform and Fourier
transform. To fill this gap, Bai et al. proposed a spectral Markov
transition field algorithm that does not require a priori knowledge
of the parameters and is able to directly convert acceleration to
spectral images and input them to the CNN [71]. Besides fre-
quency domain transition, Kim et al. proposed a health-adaptive
time-scale representation embedded CNN, utilizing a multi-
scale convolutional filter to construct time-domain 2D input
signals, which enhances the feature extraction [72]. To enhance
the classification ability of the model, Xu et al. developed a
hybrid deep learning model based on CNN and gcForest [73].

This method uses CNN to extract fault features, and the forest
classification layer generates multiple decision trees to diagnose
faults based on the features of each sub-dataset. The weak nature
of incipient faults is a major challenge for fault diagnosis. Gao
et al. proposed to address the weak nature of incipient faults by
using an autoencoder to extract a feature representation of am-
plitude and phase information, and then augmenting the feature
representation with useful structural information by capturing
internal correlations [85].

In practice, machines operate normally most of the time, with
faults occurring only occasionally, so healthy data far outweighs
fault data. To address the data imbalance problem, Liu et al.
proposed a deep feature generation network fault diagnosis
method [79], which uses an attention mechanism to generate
features that supplement fault data. To prevent the generated
samples from being too similar to real samples and causing
model collapse, a pull-away function is integrated to design a
new objective function of the generator, ensuring the diversity
of the generated data. When only health data is available, the
model is unable to generate new data based on the existing data.
Pan et al. proposed a method to generate pseudo-data features
by combining fault indices [80]. The monitoring data and fault
indices of a machine change with the machine state, and this
property is utilized to construct 16-D time-domain fault indices
(i.e., kurtosis, variance, skewness, etc.) and generate data on
common fault types by modifying the time-domain fault indices.
In the case of zero fault data, Hu et al. proposes a fault diagnosis
model based on siamese convolutional autoencoder [82]. The
corresponding negative samples are first constructed for the
positive samples and then fed into the corresponding feature
extraction networks respectively, so that positive and negative
samples are far away from each other in the representation space,
thus avoiding the negative effect caused by the small samples.

Noise in ICPS is unavoidable and is typically caused by vari-
ous factors, such as sensor noise due to system errors or environ-
mental conditions, data noise from electromagnetic interference
or signal attenuation, and data loss and incompleteness. Noise
negatively impacts the accuracy and reliability of diagnostics.
To enhance the noise resistance of models, Su et al. proposed
a method to artificially create noise data [83]. This method
involves adding noise vectors to an autoencoder and using
maximum mean difference as the loss function to reconstruct
the original data. These reconstructed data are then used to
train the noise resistance capabilities of the CNN. In addition
to environmental noise, there are label noise in the data. To
address this issue, Zhang et al. proposed a deep residual network
based on an adaptive loss-weighted meta-network [110]. This
network consists of a classification network and a meta-network.
The meta-network is cross-trained with clean and noise labels
and records the gradients from training with clean labels. The
classification network is trained using noise labels and updates
its parameters jointly based on the gradients recorded by the
meta-network to build resistance to label noise.

Most existing fault diagnosis methods use non-Euclidean
structured data, focusing on the correlation between adjacent
sampling points, but they overlook the interactions between
components and equipment in ICPS. The introduction of graph
networks addresses this shortcoming [111]. Recently, an in-
creasing number of studies have transformed industrial data intoAuthorized licensed use limited to: TIANJIN UNIVERSITY. Downloaded on August 24,2024 at 16:22:59 UTC from IEEE Xplore.  Restrictions apply. 
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TABLE I
SEVEN DEEP LEARNING FRAMEWORKS FOR PHM IN ICPS

Fig. 5. Fault diagnosis framework based on GNN.

graph structures, considering the interactions between signals,
and utilizing graph neural networks (GNN) to model fault pat-
terns [112]. As shown in Fig. 5, GNN-based fault diagnosis is a
node or graph classification task [86].

Chen et al. proposed an interaction-aware graph neural net-
work for fault diagnosis [87]. An interaction-aware module was
designed for exploring the interrelationships among industrial
components, showing excellent reliability and robustness. In
addition to edge synthesis based on the similarity between data
points, Li et al. introduced a horizontally visual synthesis-based
fault diagnosis model [88]. For each data sample, this model
considers the data size as height and connects data nodes
when there are no higher nodes obstructing between them.
To address the issue of data noise interference, Wang et al.
proposed a causal-trivial attention graph neural network fault
diagnosis method [89]. This method learns causal subgraphs
through causal decoupling to mitigate the confounding effects
caused by noise, thereby improving the stability of the model.
To enhance the generalization performance of fault diagnosis
models in ICPS, Zhao et al. proposed a new semi-supervised

GNN that integrates labeled and unlabeled information of the
equipment [90]. This model first transforms 1-D data into
spectral signals using fast fourier transform, then constructs a
graph network from vector similarity-linked nodes, and finally
feeds the sample data graph into graph convolutional layers and
pooling layers for feature extraction and classification.

2) RUL Prediction for ICPS: Utilizing the historical data of
the equipment to check its status can be more agile and efficient
to detect the abnormal problems that may occur in operation. The
deep learning-based RUL prediction method has the advantages
of high accuracy, automation, robustness, which can signifi-
cantly improve the prediction and health management level of
industrial systems, and has a broad application prospect in ICPS.
The core elements of RUL prediction include the construction
of health indicators (HI) and the analysis of degradation trends.
In terms of HI construction, Peng et al. established a DBN-based
system fault feature representation method, taking the distance
between the degraded state and the failure state as HI [113].
Chen et al. proposed a deep convolutional self-encoder model
for adaptive construction of HI of rolling bearings [84]. Huang et
al. utilized a bi-directional LSTM network for adaptively extract-
ing, rotating, and fusing the wear features in the raw monitoring
signals to construct a computerized numerical control machine
HI [76].

To fully capture the time-series information of sensor signals,
Chen et al. first extracted time-frequency domain features from
the multi-channel signals collected by sensors [77]. Then, a slid-
ing window approach was used to extract wear data, which, along
with the time-frequency domain features, was modeled into a
LSTM network to adequately consider the time-series charac-
teristics of the data. To mitigate the adverse effects of sudden
bearing failures, Cao employed the empirical mode decomposi-
tion method to decompose the raw vibration signals and selected
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components based on the kurtosis criterion to reconstruct the
vibration signal [114]. After filtering out the noise, time-domain
and frequency-domain features were extracted from the recon-
structed vibration signals. Most data-driven RUL prediction
methods are unable to distinguish the contribution of different
sensor and time-step data, which reduces data utilization. In
this context, Song et al. proposed a time-series convolutional
network based on distributed attention [74]. The method is
based on a distributed attention mechanism that weights different
industrial sensors and time steps separately. Then, the temporal
convolution module with shared weights is used for feature
extraction of the time series.

To accurately estimate health status without identifying the
mathematical model of the system, Qin et al. proposed a
LSTM network with macro-micro attention mechanisms [78].
The method begins by calculating typical features of vibration
signals, such as mean, standard deviation, and kurtosis, etc.
These features’ principal components are then extracted using
isometric mapping. By integrating these features, the method
can effectively predict the health status of gear vibration signals.
To fully utilize degradation information, Wen et al. proposed a
hybrid RUL prediction method [75]. First, genetic programming
is used to integrate physical sensor data into a composite HI,
generating a clear nonlinear data-level fusion model. Next,
using the belief function theory framework, RUL prediction is
synthesized from each physical sensor and the developed HI as a
decision-level fusion method, significantly reducing uncertainty.
The success of RUL prediction relies on abundant operational
failure data. However, in practice, such data may be insufficient.
To address this issue, Zhang et al. employed a dual-channel
fused convolutional recurrent neural network with a generative
adversarial network to ensure high-quality data generation [81].
Considering the data privacy requirements and domain drift
phenomenon of distributed multi-client collaborative training,
Zhang et al. designed a multi-hop graph pooling adversarial
network to reduce domain differences through adversarial trans-
fer while achieving global modeling of input data [91]. Based
on this, a distributed federated learning-based model consis-
tency strategy was designed. This strategy dynamically allocates
model weights to improve generalization ability while ensuring
the privacy and security of each client local data.

Current data-driven PHM methods typically rely on large
amounts of high-quality labeled data for training. However, in
real industrial environments, the low incidence of equipment
failures results in prominent issues of data scarcity and im-
balance. Additionally, industrial data often contains noise and
outliers, posing challenges to the robustness of models. The
heterogeneity and complexity of the data further increase the
difficulty of model training and application. Variations in data
distribution across different equipment and operating conditions
hinder the direct transferability of models to new environments
or equipment.

Firstly, data augmentation techniques can be employed to gen-
erate more training data by transforming and expanding existing
data, thereby alleviating data scarcity issues [26]. Generative
adversarial networks can also be utilized to create high-quality

Fig. 6. Fault diagnosis framework based on Transformer.

synthetic data, further enriching the training dataset [115]. Sec-
ondly, active learning techniques can be adopted to interactively
select the most valuable samples for labeling with the help of
experts, reducing the dependence on large amounts of labeled
data [116], [117]. In cases of data imbalance, oversampling and
undersampling techniques can be used to balance the proportion
of positive and negative samples in the dataset, preventing
the model from being biased towards the majority class. Fur-
thermore, Few-shot Learning and transfer learning techniques
can be leveraged to train effective models even in scenarios
with limited data [118]. Multisource heterogeneous data fusion
is also a crucial approach to enhancing model performance.
By incorporating real-time data collection and online learning
techniques, models can be dynamically updated and adapted
to new environments and equipment, thereby enhancing their
multimodal learning capabilities.

C. Transformer for LFMs in ICPS

CNN and RNN are two of the most common architectures in
ICPS, but each has its own weaknesses. Firstly, CNN is unable
to capture relationships between targets, treat all pixels equally,
and lack precise target localization capabilities [119]. Addition-
ally, due to the local receptive field of convolutional kernels, a
large number of convolutional layers must be stacked to obtain
global information [120]. Secondly, RNN is not suitable for
parallel computing, leading to inefficient training on large-scale
datasets, and they still struggle to completely solve the problem
of long-distance dependencies, making it difficult to establish
effective connections over long sequences [121]. In contrast,
Transformers excel in modeling long-distance dependencies,
making them highly adapted to analyze and process various
sensor data in ICPS. Research on fault diagnosis based on
Transformers has now become a key research area, as illustrated
in Fig. 6.

Compared with CNN and RNN models, Transformer-based
fault diagnosis methods better extract temporal information
from sensor signals, construct long-range dependencies, and
significantly improve prediction accuracy [101], [102]. Wang
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et al. proposed a Transformer-based high-speed train wheel
wear prediction model [103], which effectively encodes both
global and local information by leveraging the strengths of both
Transformer and CNN. Fang et al. introduced an optimized
lightweight Transformer framework that achieves efficient and
accurate fault diagnosis while reducing computational complex-
ity [104]. Li et al. developed a fault diagnosis method based on
an improved attention mechanism, enabling the deep network to
focus on information-rich data segments and ignore those that
contribute less to the output [105].

Existing methods have difficulties in extracting long se-
quence temporal information from sensors, and Transformer-
based RUL prediction methods are an effective solution. Li et
al. proposed a convolutional dual-channel Transformer model
with time window concatenation [106]. This model can mine
long-term relationships and extract equipment degradation in-
formation from both the time and frequency domains without
relying on any loop structures. Zhang et al. proposed ual-aspect
self-attention based on transformer consisting of two encoders
that can simultaneously extract features from different sen-
sors and time steps [107]. The network is based only on the
self-attention mechanism, processes long data sequences more
efficiently, and adaptively learns to focus on the more important
parts of the input. Considering the lack of ICPS fault data,
Zhang et al. proposed a multilayer cross-domain transformer
bearing RUL prediction method [108]. The method is able to
capture simulated life cycle data through a dynamic model of
the degradation process, while considering the loss of mutual
information and retaining the generalized predictive knowledge
of the measured data. Ding et al. proposed a Transformer-based
multi-source domain generalization learning method [109]. The
method can extract generalised degradation feature representa-
tions from multiple fault datasets under different known operat-
ing conditions or equipment conditions to assist the forecasting
task in real application scenarios.

Although Transformer have achieved great success in ICPS,
it still have some limitations that need to be addressed. Firstly,
Transformer models are primarily designed for processing static
input data such as text, and while they can incorporate temporal
information through positional encoding, they do not directly
consider time information. Therefore, when dealing with indus-
trial time-series data, Transformers may struggle to fully learn
the continuous temporal relationships in the data. Secondly,
Transformer models may perform poorly when handling noisy
industrial data. In real industrial production, noise in the data
is inevitable, and Transformer models may not be sufficient
to effectively manage this noisy data. Thirdly, industrial data
typically includes various types of sensor data and a large
amount of textual information, and Transformers generally find
it challenging to simultaneously process extensive sensor data
and heterogeneous data from multiple sources.

D. Knowledge-Enhanced LFMs for ICPS

A large amount of mechanistic, data and empirical knowledge
has been accumulated in ICPS, which contributes to improve
the interpretability and reliability of the model and supports
subsequent model optimization. However, due to the different

Fig. 7. The architecture of knowledge engineering oriented intelligent
fault diagnosis.

forms of presentation, this knowledge has not been adequately
inherited and learnt in data-driven methods. To address this
issue, scholars have proposed a series of knowledge-enhanced
PHM studies for ICPS, such as fault dictionaries, fault trees,
and Bayesian networks. The knowledge engineering oriented
intelligent fault diagnosis system architecture is shown in
Fig. 7.

Fault dictionary is a method of systematically summarizing
information about equipment failure modes and characteristics,
similar to dictionary form, presented in tabular form [122].
These fault dictionaries can be simple descriptive relationships
between fault modes and fault features, complex nonlinear rela-
tionships, or even fuzzy relationships between equipment fault
modes and their feature vectors. Fault dictionary-based diag-
nosis methods have the advantages of computational simplic-
ity, well-defined relationships, and applicability to both linear
and nonlinear systems, making them very suitable for PHM
of ICPS equipment. Fault tree is a method that describes the
logical relationship of events in a system through a causality
tree diagram [123]. This method uses three elements: logic
gates, input events, and output events to describe the structural
relationships of complex equipment. Causality tree diagram can
visually analyze the complex structure of the system and is very
suitable for ICPS. Bayesian network analyzes the dependencies
and correlation strengths between variables by means of joint
probability distributions of the set of variables, and is suitable for
expressing and reasoning about equipment uncertainty failure
problems in ICPS [124].

Full-cycle PHM for ICPS includes activities such as design
verification, manufacturing and testing, delivery and training,
and operation and maintenance control. Managing and sharing
vast amounts of information during the upstream and down-
stream phases of the lifecycle is a challenge [125]. Multiple

Authorized licensed use limited to: TIANJIN UNIVERSITY. Downloaded on August 24,2024 at 16:22:59 UTC from IEEE Xplore.  Restrictions apply. 



LIU et al.: SURVEY ON FOUNDATION MODELS FOR PROGNOSTICS AND HEALTH MANAGEMENT 275

Fig. 8. Knowledge graph construction for ICPS.

sources of information and heterogeneous data pose significant
challenges to the development of LFMs of PHM in ICPS.
Heterogeneous data from various equipment and subsystems
can be efficiently organized, stored and queried using knowledge
graphs. This enables the construction of a unified data center that
integrates information from multiple equipment, offering exten-
sive application potential in ICPS scenarios such as aerospace,
automotive, high-speed rail, and power systems [92].

Knowledge graph construction are generally categorized into
top-down and bottom-up approaches [93], [94]. The top-down
approach defines the framework of the domain knowledge sys-
tem. The bottom-up approach enriches the knowledge content
within the framework, which ensures the professionalism and
accuracy of the knowledge system and covers the huge amount
of data in the ICPS. Given the characteristics of knowledge and
data in ICPS, the construction of knowledge graphs typically
combines both approaches [95]. The construction of knowl-
edge graph in ICPS includes ontology construction, knowledge
extraction, knowledge fusion, and knowledge storage, and its
process is shown in Fig. 8.

Knowledge graph-based PHM can be mainly divided into
methods combined with Bayesian networks and methods com-
bined with graph neural networks. The Bayesian network model
has a network structure similar to the semantic web and the
knowledge graph, and has the advantages of classification dis-
crimination and quantitative analysis at the same time, which is
an effective tool for assisting reasoning and diagnosis query [96],
[97]. On the basis of constructing the graph structure through the
relationship between entities in the knowledge graph, the graph
neural network method is used to carry out fault cause analysis
and fault localisation with significant advantages.

For fault analysis, Liu et al. proposed a new knowledge
graph embedding and knowledge reasoning approach for fault
diagnosis knowledge graphs [98]. The model explicitly learns

an entity representation of the knowledge graph in an end-to-end
learning mode, enabling automatic analysis of accident causes.
For fault localisation, Liu et al. leveraged a priori knowledge to
associate defects in bolt pairs in transmission lines with semantic
objects [99]. This approach initialises defect nodes by features
extracted from the joint region of the bolt parent pair in the
image and initialises semantic object nodes by features obtained
from the semantic object detection region in the image. Han et
al. proposed a novel relational model-oriented steel production
line equipment FD knowledge graph (SPLEFD-KG) based on
global contextual information [100]. The method introduces
a graph neural network to compute the embedding vectors of
new entities outside the SPLEFD-KG in order to successively
fill in the missing entities, thus information-rich and accurate
fault-related knowledge.

Knowledge graphs hold tremendous potential in enhancing
digital manufacturing, equipment, and project lifecycle man-
agement [126]. On one hand, a knowledge graph itself serves as
a knowledge base, offering advantages such as visualization and
ease of querying. On the other hand, knowledge graphs excel in
expressing relational connections. By leveraging the semantic
expression capabilities of knowledge graphs, it is possible to
construct graph structures embodying physical or information
coupling relationships, thus exploring data and information in
unique ways. Combining industrial process knowledge with a
data-driven methods, embedded in the model through rules or
constraints, can further improve the interpretability and of the
model. Rules from expert knowledge and historical experience
can further enhance the credibility of decision making in LFMs.

VI. OPPORTUNITIES AND CHALLENGES FOR LFMS IN ICPS

LFMs have the potential to ensure the stable operation and
sustainable development of ICPS by enhancing PHM. This
survey provides a detailed overview of the overall advantages
of LFMs in ICPS. We describe the critical challenges that must
be addressed to ensure safe deployment, as LFMs of PHM will
operate in particularly high-risk environments compared to the
LFMs in other fields.

A. Paradigm Shifts With LFMs in ICPS

1) Generalizability: LFMs can learn and extract widely ap-
plicable features from vast amounts of data, ensuring robust
performance across various application scenarios and working
conditions. Traditional models often optimize for specific sce-
narios and lack the flexibility required in the diverse environ-
ments encountered in ICPS. In contrast, LFMs can perform joint
learning on different types of data, establishing more universal
prediction and analysis capabilities that apply to a wide range
of conditions and equipment types. Additionally, LFMs with
strong generalization capabilities can better handle emerging
fault patterns and unknown operating states, crucial for enhanc-
ing system robustness and stability.

2) Multimodal Support: One of the critical advantages of
LFMs is the ability to support multimodal data. In ICPS, data
sources are diverse, including sensor data, image data, audio
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data, and text data, each containing critical information. Tra-
ditional single-modal models often fail to fully utilize these
heterogeneous data sources. In contrast, LFMs powered by
AI techniques, can integrate multimodal data to achieve more
comprehensive and accurate health management. For example,
in monitoring equipment operation, sensor data can provide
real-time status information, image data can assist in detecting
visual changes, audio data can capture abnormal sounds during
operation, and text data can log operational and maintenance
records. By integrating these different data types, large-scale
foundational models can develop a more holistic understanding
of equipment operating conditions, enhancing the accuracy of
fault detection and prediction. Multimodal support not only im-
proves data utilization but also enhances the model’s adaptability
and application range, providing robust technical support for
ICPS health management.

3) Reliability and Efficiency: LFMs accurately predict equip-
ment failures by analyzing historical and real-time data, enabling
proactive maintenance and preventing unplanned downtime,
thereby significantly improving system reliability. Predictive
maintenance based on LFMs can optimize maintenance sched-
ules, reducing unnecessary inspections and maintenance efforts,
saving both human and material resources. Additionally, LFMs
can monitor and optimize key parameters in the production
process in real-time, enhancing process stability and product
quality. In terms of efficiency, LFMs can intelligently manage
resource allocation by dynamically adjusting resources accord-
ing to the actual operating conditions and production demands,
maximizing resource utilization. For instance, in production line
scheduling, the models can optimize scheduling plans based on
equipment status, reducing production wait times and resource
wastage.

B. Challenges of LFMs in ICPS

1) Data Quality and Security: The variability of ICPS sce-
narios reduces data reusability, while LFMs require a large
amount of data for effective training, which poses a great chal-
lenge for data collection and preprocessing. ICPS generate di-
verse types of data, including sensor readings, operational logs,
and environmental data. These data often contain noise, missing
values, and outliers that can affect model training and prediction
accuracy. Data cleaning and preprocessing are time-consuming
and resource-intensive, and cannot be overlooked. Furthermore,
ICPS data typically includes sensitive information and com-
mercial secrets, so strict data privacy and security measures
must be taken. Data must be encrypted during transmission and
storage to prevent leaks and tampering. As cyber-attacks become
increasingly sophisticated and frequent, ICPS must implement
robust defense mechanisms to ensure data security. This involves
not only technical safeguards but also strict management policies
and emergency plans. Ensuring data quality and security is
crucial for the reliability and stability of ICPS.

2) Model Interpretability and Trustworthiness: Although
LFMs are excellent at handling complex data and predicting
potential faults, their “black-box” nature makes the decision-
making process difficult to interpret. Engineers and managers

need to understand the basis for model predictions in order to
make sound maintenance and operational decisions. The lack
of interpretability not only reduces model acceptance, but also
hampers the ability to quickly identify the root cause of predic-
tion errors, affecting the accuracy and timeliness of decisions.
Model predictions must be highly reliable, especially in ICPS
applications involving safety and high risk. To enhance model
trustworthiness, extensive testing and validation are necessary,
along with the establishment of stringent evaluation standards.
Moreover, LFMs need self-diagnosis and updating capabilities
to adapt to changing operating conditions and emerging faults.

Extensive knowledge about equipment structure, fault mech-
anisms, and historical data has been accumulated in ICPS. This
knowledge can be transformed into rules or constraints and
embedded into LFMs to enhance the transparency of predictions.
By leveraging historical data for model validation and calibra-
tion, the consistency between model predictions and actual con-
ditions can be ensured, thereby improving model interpretability
and reliability. Additionally, integrating expert knowledge and
rules derived from historical experience can further enhance the
decision-making credibility of LFMs.

3) Development Costs: Developing and deploying LFMs
typically requires substantial computational resources, includ-
ing high-performance computing platforms and GPU clusters,
resulting in high hardware costs and energy consumption. The
training and optimization processes are complex, requiring spe-
cialized technical personnel for debugging and maintenance,
which increases labor costs. In addition, the process of data
collection, cleaning and labelling is time-consuming and expen-
sive, especially in ICPS where data must often be sourced from
multiple heterogeneous origins and undergo complex prepro-
cessing. To ensure the robustness and reliability of the models,
extensive testing and validation are required, further escalating
development costs. Maintaining and updating LFMs to adapt
to changing operating conditions and emerging fault patterns
is also a long-term, resource-intensive process. Although cloud
computing and distributed computing can alleviate some of the
resource pressures, the high development costs remain a major
obstacle to the adoption of LFMs of PHM in ICPS. Effectively
managing these costs and finding cost-efficient solutions are
critical challenges that need to be addressed in this field.

VII. CONCLUSION

By collecting and analyzing data between connected ma-
chine clusters, Industry 4.0 offers unprecedented prospects for
PHMP, but it also brings genuine challenges to the development
and application of modern PHM. Existing PHM methods are
mostly data-driven, facing issues such as insufficient model
generalization capability, poor interpretability, and lack of trust-
worthiness. LFMs with cross-domain knowledge are equipped
with powerful generalization and multitasking capabilities to
meet the reliability and generalization requirements of ICPS.
Therefore, this survey provides a comprehensive overview of
the technical characteristics and current progress of LFMs. The
literature review reveals a lack of research on LFMs of PHM
in ICPS, and currently, there are no viable solutions to build
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LFMs of PHM specifically for ICPS. This survey explores how
to construct LFMs of PHM for ICPS from three key aspects:
datasets, models, and algorithms. Finally, it attempts to examine
the challenges associated with LFMs of PHM modeling from
a broader perspective, aiming to offer valuable insights and
guidance for future research in ICPS.

REFERENCES

[1] K. Zhang, Y. Shi, S. Karnouskos, T. Sauter, H. Fang, and A. W. Colombo,
“Advancements in industrial cyber-physical systems: An overview and
perspectives,” IEEE Trans. Ind. Informat., vol. 19, no. 1, pp. 716–729,
Jan. 2023.

[2] J. Chae, S. Lee, J. Jang, S. Hong, and K.-J. Park, “A survey and perspective
on industrial cyber-physical systems (ICPS): From ICPS to ai-augmented
ICPS,” IEEE Trans. Ind. Cyber- Phys. Syst., vol. 1, pp. 257–272,
2023.

[3] D. G. Pivoto, L. F. de Almeida, R. da Rosa Righi, J. J. Rodrigues, A.
B. Lugli, and A. M. Alberti, “Cyber-physical systems architectures for
industrial Internet of Things applications in industry 4.0: A literature
review,” J. Manuf. Syst., vol. 58, pp. 176–192, 2021.

[4] A. Abid, M. T. Khan, and J. Iqbal, “A review on fault detection and
diagnosis techniques: Basics and beyond,” Artif. Intell. Rev., vol. 54,
no. 5, pp. 3639–3664, Jun. 2021.

[5] S. Khan and T. Yairi, “A review on the application of deep learning
in system health management,” Mech. Syst. Signal Process., vol. 107,
pp. 241–265, 2018.

[6] O. Fink, Q. Wang, M. Svensén, P. Dersin, W.-J. Lee, and M. Ducoffe,
“Potential, challenges and future directions for deep learning in prog-
nostics and health management applications,” Eng. Appl. Artif. Intell.,
vol. 92, 2020, Art. no. 103678.

[7] T. Brown et al., “Language models are few-shot learners,” in Proc. Adv.
Neural Inf. Process. Syst., 2020, pp. 1877–1901.

[8] C. Raffel et al., “Exploring the limits of transfer learning with a uni-
fied text-to-text transformer,” J. Mach. Learn. Res., vol. 21, no. 1,
pp. 5485–5551, 2020.

[9] J. Devlin, M.-W. Chang, K. Lee, and K. Toutanova, “BERT: Pre-training
of deep bidirectional transformers for language understanding,” in Proc.
North Amer. Chapter Assoc. Comput. Linguistics, 2019, pp. 4171–4186.

[10] A. Dosovitskiy et al., “An image is worth 16x16 words: Transformers for
image recognition at scale,” in Proc. Int. Conf. Learn. Representations,
2021.

[11] A. Radford et al., “Learning transferable visual models from natu-
ral language supervision,” in Proc. Int. Conf. Mach. Learn., 2021,
pp. 8748–8763.

[12] A. Kirillov et al., “Segment anything,” in 2023 IEEE/CVF Int. Conf.
Comput. Vis., 2023, pp. 3992–4003.

[13] K. Singhal et al., “Towards expert-level medical question answering with
large language models,” 2023, arXiv:2305.09617.

[14] W. Xiong et al., “AI-GOMS: Large ai-driven global ocean modeling
system,” 2023, arXiv:2308.03152.

[15] J. Huang et al., “ERNIE-GeoL: A geography-and-language pre-trained
model and its applications in baidu maps,” in Proc. 28th ACM SIGKDD
Conf. Knowl. Discov. Data Mining, 2022, pp. 3029–3039.

[16] Y.-F. Li, H. Wang, and M. Sun, “ChatGPT-like large-scale foundation
models for prognostics and health management: A survey and roadmaps,”
Rel. Eng. Syst. Saf., vol. 243, 2024, Art. no. 109850.

[17] N. Agrawal and R. Kumar, “Security perspective analysis of industrial
cyber physical systems (I-CPS): A decade-wide survey,” ISA Trans.,
vol. 130, pp. 10–24, 2022.

[18] S. Sridhar, A. Hahn, and M. Govindarasu, “Cyber–physical system secu-
rity for the electric power grid,” Proc. IEEE, vol. 100, no. 1, pp. 210–224,
Jan. 2012.

[19] G. Xiong et al., “Cyber-physical-social system in intelligent transporta-
tion,” IEEE/CAA J. Automatica Sinica, vol. 2, no. 3, pp. 320–333,
Jul. 2015.

[20] X. Jin, W. M. Haddad, and T. Hayakawa, “An adaptive control architec-
ture for cyber-physical system security in the face of sensor and actuator
attacks and exogenous stochastic disturbances,” in Proc. IEEE 56th Annu.
Conf. Decis. Control, 2017, pp. 1380–1385.

[21] J. L. Daan Ji, C. Wang, and H. Dong, “A review: Data driven-based fault
diagnosis and rul prediction of petroleum machinery and equipment,”
Syst. Sci. Control Eng., vol. 9, no. 1, pp. 724–747, 2021.

[22] S. Yin, S. X. Ding, X. Xie, and H. Luo, “A review on basic data-driven ap-
proaches for industrial process monitoring,” IEEE Trans. Ind. Electron.,
vol. 61, no. 11, pp. 6418–6428, Nov. 2014.

[23] R. Li, W. J. Verhagen, and R. Curran, “A systematic methodology for
prognostic and health management system architecture definition,” Rel.
Eng. Syst. Saf., vol. 193, 2020, Art. no. 106598.

[24] D.-T. Hoang and H.-J. Kang, “A survey on deep learning based bearing
fault diagnosis,” Neurocomputing, vol. 335, pp. 327–335, 2019.

[25] G. Niu, E. Liu, X. Wang, P. Ziehl, and B. Zhang, “Enhanced discriminate
feature learning deep residual CNN for multitask bearing fault diagnosis
with information fusion,” IEEE Trans. Ind. Informat., vol. 19, no. 1,
pp. 762–770, Jan. 2023.

[26] T. Zhang et al., “Intelligent fault diagnosis of machines with small &
imbalanced data: A state-of-the-art review and possible extensions,” ISA
Trans., vol. 119, pp. 152–171, 2022.

[27] Z.-H. Liu, B.-L. Lu, H.-L. Wei, L. Chen, X.-H. Li, and C.-T. Wang, “A
stacked auto-encoder based partial adversarial domain adaptation model
for intelligent fault diagnosis of rotating machines,” IEEE Trans. Ind.
Informat., vol. 17, no. 10, pp. 6798–6809, Oct. 2021.

[28] C. Ferreira and G. Gonçalves, “Remaining useful life prediction and
challenges: A literature review on the use of machine learning methods,”
J. Manuf. Syst., vol. 63, pp. 550–562, 2022.

[29] B. Yang, R. Liu, and E. Zio, “Remaining useful life prediction based on
a double-convolutional neural network architecture,” IEEE Trans. Ind.
Electron., vol. 66, no. 12, pp. 9521–9530, Dec. 2019.

[30] M. Ma and Z. Mao, “Deep-convolution-based LSTM network for re-
maining useful life prediction,” IEEE Trans. Ind. Informat., vol. 17, no. 3,
pp. 1658–1667, Mar. 2021.

[31] A. Vaswani, N. Shazeer, and E. A. Parmar, “Attention is all you need,”
in Proc. 31st Int. Conf. Neural Inf. Process. Syst., 2017, pp. 6000–6010.

[32] W. X. Zhao et al., “A survey of large language models,” 2023,
arXiv:2303.18223.

[33] Y. Liu et al., “RoBERTa: A robustly optimized bert pretraining approach,”
2019, arXiv:1907.11692.

[34] A. Radford and K. Narasimhan, “Improving language understanding by
generative pre-training,” in Proc. Open AI, 2018.

[35] A. Radford et al., “Language models are unsupervised multitask learn-
ers,” OpenAI Blog, vol. 1, no. 8, 2019, Art. no. 9.

[36] J. Ye et al., “A comprehensive capability analysis of GPT-3 and GPT-3.5
series models,” 2023, arXiv:2303.10420.

[37] A. Chowdhery et al., “PaLM: Scaling language modeling with pathways,”
J. Mach. Learn. Res., vol. 24, no. 240, pp. 1–113, 2023.

[38] H. Touvron et al., “LLaMA: Open and efficient foundation language
models,” 2023, arXiv:2302.13971.

[39] H. Touvron et al., “LLaMA 2: Open foundation and fine-tuned chat
models,” 2023, arXiv:2307.09288.

[40] Z. Tong, Y. Song, J. Wang, and L. Wang, “VideoMAE: Masked
autoencoders are data-efficient learners for self-supervised video
pre-training,” in Proc. Adv. Neural Inf. Process. Syst., 2022,
pp. 10078–10093.

[41] R. Deng, C. Cui, and E. A. Quan Liu, “Segment anything model (SAM)
for digital pathology: Assess zero-shot segmentation on whole slide
imaging,” in Med. Imag. Deep Learn., 2023.

[42] D. Danny et al., “PaLM-E: An embodied multimodal language model,”
in Proc. Int. Conf. Mach. Learn., 2023, pp. 8469–8488.

[43] J. A. OpenAI et al., “GPT-4 technical report,” 2024, arXiv:2303.08774.
[44] H. Xue and F. D. Salim, “PromptCast: A new prompt-based learning

paradigm for time series forecasting,” IEEE Trans. Knowl. Data Eng.,
2023, pp. 1–14.

[45] M. Jin et al., “Time-LLM: Time series forecasting by reprogramming
large language models,” in Proc. Int. Conf. Learn. Representations,
2024.

[46] C. Chang, W. Peng, and T.-F. Chen, “LLM4TS: Aligning pre-trained
LLMS as data-efficient time-series forecasters,” 2023, arXiv:2308.
08469.

[47] C. Sun, Y. Li, H. Li, and linda Qiao, “Test: Text prototype
aligned embedding to activate LLM’s ability for time series,” 2023,
arXiv:2308.08241.

[48] D. Cao et al., “Tempo: Prompt-based generative pre-trained transformer
for time series forecasting,” 2023, arXiv:2310.04948.

[49] N. Gruver, M. Finzi, S. Qiu, and A. G. Wilson, “Large language models
are zero-shot time series forecasters,” in Proc. Adv. Neural Inf. Process.
Syst., 2023, pp. 19622–19635.

[50] A. Garza, C. Challu, and M. Mergenthaler-Canseco, “Timegpt-1,” 2023,
arXiv:2310.03589.

Authorized licensed use limited to: TIANJIN UNIVERSITY. Downloaded on August 24,2024 at 16:22:59 UTC from IEEE Xplore.  Restrictions apply. 



278 IEEE TRANSACTIONS ON INDUSTRIAL CYBER-PHYSICAL SYSTEMS, VOL. 2, 2024

[51] X. Yu, Z. Chen, Y. Ling, S. Dong, Z. Liu, and Y. Lu, “Temporal
data meets LLM - explainable financial time series forecasting,” 2023,
arXiv:2306.11025.

[52] Q. Xie, W. Han, Y. Lai, M. Peng, and J. Huang, “The wall street neo-
phyte: A zero-shot analysis of chatgpt over multimodal stock movement
prediction challenges,” 2023, arXiv:2304.05351.

[53] T. B. Brown and E. A. Mann, “Language models are few-shot
learners,” in Proc. 34th Int. Conf. Neural Inf. Process. Syst., 2020,
pp. 1877–1901.

[54] H. Xue, B. P. Voutharoja, and F. D. Salim, “Leveraging language foun-
dation models for human mobility forecasting,” in Proc. 30th Int. Conf.
Adv. Geographic Inf. Syst., 2022, pp. 1–9.

[55] Y. Chi, Y. Dong, Z. J. Wang, F. R. Yu, and V. C. M. Leung,
“Knowledge-based fault diagnosis in industrial Internet of Things: A
survey,” IEEE Internet Things J., vol. 9, no. 15, pp. 12886–12900,
Aug. 2022.

[56] Z. Liu, M. Xiao, H. Zhu, and J. Li, “Acquisition of missile fault diagnosis
knowledge based on incomplete information of flow graph,” IOP Conf.
Ser.: Earth Environ. Sci., vol. 632, no. 3, 2021, Art. no. 032055.

[57] A. K. Singh, A. Swarup, A. Agarwal, and D. Singh, “Vision based rail
track extraction and monitoring through drone imagery,” ICT Exp., vol. 5,
no. 4, pp. 250–255, 2019.

[58] G. Bayar and T. Bilir, “A novel study for the estimation of crack prop-
agation in concrete using machine learning algorithms,” Construction
Building Mater., vol. 215, pp. 670–685, 2019.

[59] H. Huang and N. Baddour, “Bearing vibration data collected under time-
varying rotational speed conditions,” Data Brief, vol. 21, pp. 1745–1749,
2018.

[60] M. Arias Chao, C. Kulkarni, K. Goebel, and O. Fink, “Aircraft engine
run-to-failure dataset under real flight conditions for prognostics and
diagnostics,” Data, vol. 6, no. 1, 2021, Art. no. 5.

[61] W. Jung, S.-H. Yun, Y.-S. Lim, S. Cheong, and Y.-H. Park, “Vibration
and current dataset of three-phase permanent magnet synchronous motors
with stator faults,” Data Brief, vol. 47, 2023, Art. no. 108952.

[62] J. Wang, C. Xu, Z. Yang, J. Zhang, and X. Li, “Deformable convo-
lutional networks for efficient mixed-type wafer defect pattern recog-
nition,” IEEE Trans. Semicond. Manuf., vol. 33, no. 4, pp. 587–596,
Nov. 2020.

[63] D. Zappalá, N. Sarma, S. Djurović, C. Crabtree, A. Mohammad, and P.
Tavner, “Electrical & mechanical diagnostic indicators of wind turbine
induction generator rotor faults,” Renewable Energy, vol. 131, pp. 14–24,
2019.

[64] W. A. Smith and R. B. Randall, “Rolling element bearing diagnostics
using the case western reserve university data: A benchmark study,”
Mech. Syst. Signal Process., vol. 64/65, pp. 100–131, 2015.

[65] C. Lessmeier, J. K. Kimotho, D. Zimmer, and W. Sextro, “Condition
monitoring of bearing damage in electromechanical drive systems by
using motor current signals of electric motors: A benchmark data set for
data-driven classification,” in PHM Soc. Eur. Conf., 2016.

[66] A. P. Daga, A. Fasana, S. Marchesiello, and L. Garibaldi, “The politecnico
di torino rolling bearing test rig: Description and analysis of open access
data,” Mech. Syst. Signal Process., vol. 120, pp. 252–273, 2019.

[67] S. Vollert and A. Theissler, “Challenges of machine learning-based RUL
prognosis: A review on nasa’s c-mapss data set,” in Proc. 26th IEEE Int.
Conf. Emerg. Technol. Factory Automat. (ETFA), 2021, pp. 1–8.

[68] A. Arunan, Y. Qin, X. Li, and C. Yuen, “A federated learning-based in-
dustrial health prognostics for heterogeneous edge devices using matched
feature extraction,” IEEE Trans. Automat. Sci. Eng., 2023, pp. 1–15.

[69] B. Li and C. Zhao, “Federated zero-shot industrial fault diagnosis with
cloud-shared semantic knowledge base,” IEEE Internet Things J., vol. 10,
no. 13, pp. 11619–11630, Jul. 2023.

[70] Y. Li, Y. Chen, K. Zhu, C. Bai, and J. Zhang, “An effective federated
learning verification strategy and its applications for fault diagnosis
in industrial IoT systems,” IEEE Internet Things J., vol. 9, no. 18,
pp. 16835–16849, Sep. 2022.

[71] Y. Bai, J. Yang, J. Wang, Y. Zhao, and Q. Li, “Image representation
of vibration signals and its application in intelligent compound fault
diagnosis in railway vehicle wheelset-axlebox assemblies,” Mech. Syst.
Signal Process., vol. 152, 2021, Art. no. 107421.

[72] Y. Kim, K. Na, and B. D. Youn, “A health-adaptive time-scale represen-
tation (HTSR) embedded convolutional neural network for gearbox fault
diagnostics,” Mech. Syst. Signal Process., vol. 167, 2022, Art. no. 108575.

[73] Y. Xu, Z. Li, S. Wang, W. Li, T. Sarkodie-Gyan, and S. Feng, “A hybrid
deep-learning model for fault diagnosis of rolling bearings,” Measure-
ment, vol. 169, 2021, Art. no. 108502.

[74] Y. Song, S. Gao, Y. Li, L. Jia, Q. Li, and F. Pang, “Distributed attention-
based temporal convolutional network for remaining useful life predic-
tion,” IEEE Internet Things J., vol. 8, no. 12, pp. 9594–9602, Jun. 2021.

[75] P. Wen, Y. Li, S. Chen, and S. Zhao, “Remaining useful life predic-
tion of IIoT-enabled complex industrial systems with hybrid fusion of
multiple information sources,” IEEE Internet Things J., vol. 8, no. 11,
pp. 9045–9058, Jun. 2021.

[76] C.-G. Huang, X. Yin, H.-Z. Huang, and Y.-F. Li, “An enhanced deep
learning-based fusion prognostic method for RUL prediction,” IEEE
Trans. Rel., vol. 69, no. 3, pp. 1097–1109, Sep. 2020.

[77] C. Tong, Q. Zhu, Y. Feng, and Y. Wang, “Sliding window-based real-time
remaining useful life prediction for milling tool,” in Proc. IEEE 6th Int.
Conf. Ind. Cyber- Phys. Syst., 2023, pp. 1–5.

[78] Y. Qin, S. Xiang, Y. Chai, and H. Chen, “Macroscopic–microscopic atten-
tion in LSTM networks based on fusion features for gear remaining life
prediction,” IEEE Trans. Ind. Electron., vol. 67, no. 12, pp. 10865–10875,
Dec. 2020.

[79] S. Liu, H. Jiang, Z. Wu, and X. Li, “Data synthesis using deep feature
enhanced generative adversarial networks for rolling bearing imbal-
anced fault diagnosis,” Mech. Syst. Signal Process., vol. 163, 2022,
Art. no. 108139.

[80] T. Pan, J. Chen, J. Xie, Z. Zhou, and S. He, “Deep feature generating
network: A new method for intelligent fault detection of mechanical
systems under class imbalance,” IEEE Trans. Ind. Informat., vol. 17,
no. 9, pp. 6282–6293, Sep. 2021.

[81] X. Zhang, Y. Qin, C. Yuen, L. Jayasinghe, and X. Liu, “Time-series
regeneration with convolutional recurrent generative adversarial network
for remaining useful life estimation,” IEEE Trans. Ind. Informat., vol. 17,
no. 10, pp. 6820–6831, Oct. 2021.

[82] H.-X. Hu, C. Cao, Q. Hu, Y. Zhang, and Z.-Z. Lin, “A real-time bearing
fault diagnosis model based on siamese convolutional autoencoder in
industrial Internet of Things,” IEEE Internet Things J., vol. 11, no. 3,
pp. 3820–3831, Feb. 2024.

[83] H. Su, L. Xiang, A. Hu, Y. Xu, and X. Yang, “A novel method based on
meta-learning for bearing fault diagnosis with small sample learning un-
der different working conditions,” Mech. Syst. Signal Process., vol. 169,
2022, Art. no. 108765.

[84] D. Chen, Y. Qin, Y. Wang, and J. Zhou, “Health indicator construction
by quadratic function-based deep convolutional auto-encoder and its
application into bearing RUL prediction,” ISA Trans., vol. 114, pp. 44–56,
2021.

[85] T. Gao, J. Yang, S. Jiang, and Y. Li, “An incipient fault diagnosis method
based on complex convolutional self-attention autoencoder for analog
circuits,” IEEE Trans. Ind. Electron., vol. 71, no. 8, pp. 9727–9736,
Aug. 2024.

[86] T. Li, Z. Zhou, S. Li, C. Sun, R. Yan, and X. Chen, “The emerging
graph neural networks for intelligent fault diagnostics and prognostics: A
guideline and a benchmark study,” Mech. Syst. Signal Process., vol. 168,
2022, Art. no. 108653.

[87] D. Chen, R. Liu, Q. Hu, and S. X. Ding, “Interaction-aware graph
neural networks for fault diagnosis of complex industrial processes,”
IEEE Trans. Neural Netw. Learn. Syst., vol. 34, no. 9, pp. 6015–6028,
Sep. 2023.

[88] C. Li, L. Mo, and R. Yan, “Rolling bearing fault diagnosis based on
horizontal visibility graph and graph neural networks,” in Proc. Int. Conf.
Sens., Meas. Data Anal. ERA Artif. Intell., 2020, pp. 275–279.

[89] H. Wang, R. Liu, S. X. Ding, Q. Hu, Z. Li, and H. Zhou, “Causal-trivial
attention graph neural network for fault diagnosis of complex industrial
processes,” IEEE Trans. Ind. Informat., vol. 20, no. 2, pp. 1987–1996,
Feb. 2024.

[90] X. Zhao, M. Jia, and Z. Liu, “Semisupervised graph convolution deep be-
lief network for fault diagnosis of electormechanical system with limited
labeled data,” IEEE Trans. Ind. Informat., vol. 17, no. 8, pp. 5450–5460,
Aug. 2021.

[91] J. Zhang, J. Tian, P. Yan, S. Wu, H. Luo, and S. Yin, “Multi-hop
graph pooling adversarial network for cross-domain remaining useful
life prediction: A distributed federated learning perspective,” Rel. Eng.
Syst. Saf., vol. 244, 2024, Art. no. 109950.

[92] J. Wang, X. Wang, C. Ma, and L. Kou, “A survey on the develop-
ment status and application prospects of knowledge graph in smart
grids,” IET Gener. Transmiss. Distrib., vol. 15, no. 3, pp. 383–407,
2021.

[93] S. Ji, S. Pan, E. Cambria, P. Marttinen, and P. S. Yu, “A survey on
knowledge graphs: Representation, acquisition, and applications,” IEEE
Trans. Neural Netw. Learn. Syst., vol. 33, no. 2, pp. 494–514, Feb. 2022.

Authorized licensed use limited to: TIANJIN UNIVERSITY. Downloaded on August 24,2024 at 16:22:59 UTC from IEEE Xplore.  Restrictions apply. 



LIU et al.: SURVEY ON FOUNDATION MODELS FOR PROGNOSTICS AND HEALTH MANAGEMENT 279

[94] X. Zhu et al., “Multi-modal knowledge graph construction and ap-
plication: A survey,” IEEE Trans. Knowl. Data Eng., vol. 36, no. 2,
pp. 715–735, Feb. 2024.

[95] D. Huang, C. Zhu, X. Liu, B. Zhou, S. Luo, and W. Zheng, “Applica-
tion of intelligent knowledge graph with emergency fault diagnosis for
power maintenance,” in Proc. Int. Conf. Distrib. Comput. Optim. Techn.
(ICDCOT), 2024, pp. 1–5.

[96] G. Yang and X. Gu, “Fault diagnosis of complex chemical processes
based on enhanced naive Bayesian method,” IEEE Trans. Instrum. Meas.,
vol. 69, no. 7, pp. 4649–4658, Jul. 2020.

[97] C. Lou et al., “Research on diagnostic reasoning of cloud data center
based on Bayesian network and knowledge graph,” in Proc. Prognostics
Health Manage. Conf., 2022, pp. 283–288.

[98] Y. Liu, Y. Ma, Z. Mao, B. Jiang, J. Liu, and J. Bian, “TD-GAT: Graph
neural network for fault diagnosis knowledge graph,” in Proc. China
Automat. Congr., 2021, pp. 1734–1739.

[99] L. Liangshuai et al., “Method and device for identifying missing pin bolts
in transmission lines based on graph knowledge reasoning,” J. Intell. Syst.,
vol. 18, no. 2, 2023, Art. no. 9.

[100] H. Han, J. Wang, and S. Chen, “Construction and evolution of fault
diagnosis knowledge graph in industrial process,” IEEE Trans. Instrum.
Meas., vol. 71, 2022, Art. no. 3522212.

[101] Y. Jin, L. Hou, and Y. Chen, “A time series transformer based method
for the rotating machinery fault diagnosis,” Neurocomputing, vol. 494,
pp. 379–395, 2022.

[102] Y. Ding, M. Jia, Q. Miao, and Y. Cao, “A novel time–frequency trans-
former based on self–attention mechanism and its application in fault
diagnosis of rolling bearings,” Mech. Syst. Signal Process., vol. 168,
2022, Art. no. 108616.

[103] H. Wang, T. Men, and Y.-F. Li, “Transformer for high-speed train
wheel wear prediction with multiplex local-global temporal fusion,” in
Proc. IEEE 21st Int. Conf. Softw. Qual. Rel. Secur. Companion, 2021,
pp. 1175–1176.

[104] H. Fang et al., “You can get smaller: A lightweight self-activation
convolution unit modified by transformer for fault diagnosis,” Adv. Eng.
Inform., vol. 55, 2023, Art. no. 101890.

[105] X. Li, W. Zhang, and Q. Ding, “Understanding and improving deep
learning-based rolling bearing fault diagnosis with attention mechanism,”
Signal Process., vol. 161, pp. 136–154, 2019.

[106] L. Jiang, T. Zhang, W. Lei, K. Zhuang, and Y. Li, “A new convolutional
dual-channel transformer network with time window concatenation for
remaining useful life prediction of rolling bearings,” Adv. Eng. Inform.,
vol. 56, 2023, Art. no. 101966.

[107] Z. Zhang, W. Song, and Q. Li, “Dual-aspect self-attention based on
transformer for remaining useful life prediction,” IEEE Trans. Instrum.
Meas., vol. 71, 2022, Art. no. 2505711.

[108] Y. Zhang, K. Feng, J. C. Ji, K. Yu, Z. Ren, and Z. Liu, “Dynamic model-
assisted bearing remaining useful life prediction using the cross-domain
transformer network,” IEEE/ASME Trans. Mechatronics, vol. 28, no. 2,
pp. 1070–1080, Apr. 2023.

[109] N. Ding, H. Li, Q. Xin, B. Wu, and D. Jiang, “Multi-source domain
generalization for degradation monitoring of journal bearings under
unseen conditions,” Rel. Eng. Syst. Saf., vol. 230, 2023, Art. no. 108966.

[110] K. Zhang, B. Tang, L. Deng, Q. Tan, and H. Yu, “A fault diagnosis
method for wind turbines gearbox based on adaptive loss weighted meta-
resnet under noisy labels,” Mech. Syst. Signal Process., vol. 161, 2021,
Art. no. 107963.

[111] K. Feng et al., “Digital twin enabled domain adversarial graph networks
for bearing fault diagnosis,” IEEE Trans. Ind. Cyber- Phys. Syst., vol. 1,
pp. 113–122, 2023.

[112] Z. Wu, S. Pan, F. Chen, G. Long, C. Zhang, and S. Y. Philip, “A
comprehensive survey on graph neural networks,” ” IEEE Trans. Neural
Netw. Learn. Syst., vol. 32, no. 1, pp. 4–24, Jan. 2021.

[113] K. Peng, R. Jiao, J. Dong, and Y. Pi, “A deep belief network based
health indicator construction and remaining useful life prediction us-
ing improved particle filter,” Neurocomputing, vol. 361, pp. 19–28,
2019.

[114] S. Cao and Y E. A. Jiang, “Bearing remaining useful life prediction based
on optimized support vector regression model with denoising technique,”
in Proc. IEEE 4th Int. Conf. Ind. Cyber- Phys. Syst., 2021, pp. 667–672.

[115] W. Mao, Y. Liu, L. Ding, and Y. Li, “Imbalanced fault diagnosis of rolling
bearing based on generative adversarial network: A comparative study,”
IEEE Access, vol. 7, pp. 9515–9530, 2019.

[116] S. Attestog, J. S. L. Senanayaka, H. Van Khang, and K. G. Rob-
bersmyr, “Robust active learning multiple fault diagnosis of PMSM

drives with sensorless control under dynamic operations and imbalanced
datasets,” IEEE Trans. Ind. Informat., vol. 19, no. 9, pp. 9291–9301,
Sep. 2023.

[117] C. Fan, Q. Wu, Y. Zhao, and L. Mo, “Integrating active learning and
semi-supervised learning for improved data-driven HVAC fault diagnosis
performance,” Appl. Energy, vol. 356, 2024, Art. no. 122356.

[118] J. Wu, Z. Zhao, C. Sun, R. Yan, and X. Chen, “Few-shot transfer learning
for intelligent fault diagnosis of machine,” Measurement, vol. 166, 2020,
Art. no. 108202.

[119] B. Wu et al., “Visual transformers: Token-based image representation
and processing for computer vision,” 2020, arXiv:2006.03677.

[120] A. Gulati et al., “Conformer: Convolution-augmented transformer for
speech recognition,” Interspeech, pp. 5036–5040, 2020.

[121] J. F. Kolen and S. C. Kremer, Gradient Flow in Recurrent Nets: The
Difficulty of Learning LongTerm Dependencies. Hoboken, NJ, USA:
Wiley, 2001, pp. 237–243.

[122] Y. Kong, Z. Qin, T. Wang, M. Rao, Z. Feng, and F. Chu, “Data-driven
dictionary design–based sparse classification method for intelligent fault
diagnosis of planet bearings,” Struct. Health Monit., vol. 21, 2021,
Art. no. 147592172110290.

[123] E. Ruijters and M. Stoelinga, “Fault tree analysis: A survey of the state-
of-the-art in modeling, analysis and tools,” Comput. Sci. Rev., vol. 15–16,
pp. 29–62, 2015.

[124] H.-B. Jun and D. Kim, “A Bayesian network-based approach for fault
analysis,” Expert Syst. Appl., vol. 81, pp. 332–348, 2017.

[125] K. Wang and A. Takahashi, “Semantic web based innovative design
knowledge modeling for collaborative design,” Expert Syst. Appl., vol. 39,
no. 5, pp. 5616–5624, 2012.

[126] Q. Chen, Q. Li, J. Wu, and C. Mao, “Application of knowledge graph
in power system fault diagnosis and disposal: A critical review and
perspectives,” Front. Energy Res., vol. 10, 2022.

Ruonan Liu (Senior Member, IEEE) received
the B.S., M.S., and Ph.D. degrees from Xi’an
Jiaotong University, Xi’an, China, in 2013, 2015,
and 2019, respectively. She was a Postdoctoral
Researcher with the School of Computer Sci-
ence, Carnegie Mellon University, Pittsburgh,
PA, USA, in 2019. She is currently an Asso-
ciate Professor with the Department of Automa-
tion, Shanghai Jiao Tong University, Shanghai,
China. She is also an Alexander von Humboldt
Fellow with the University of Duisburg-Essen,

Duisburg, Germany. Her research interests include machine learning,
intelligent manufacturing and intelligent unmanned system. She was the
recipient of the 2021 Outstanding Paper Award by IEEE TRANSACTIONS
ON INDUSTRIAL INFORMATICS, recognized as one of the World’s Top 2%
Scientists by Stanford University consecutively from 2021 to now and
selected in the Young Elite Scientist Sponsorship Program by CAST
in 2022. She is an Associate Editor or Leading Guest Editor of IEEE
TRANSACTIONS ON INDUSTRIAL CYBER-PHYSICAL SYSTEMS, and Sustain-
able Energy Technologies and Assessments.

Quanhu Zhang received the B.S. degree in
computer science and technology in 2022 from
Nanjing Forestry University, Nanjing, China,
where he is currently working toward the M.S.
degree in computer technology with the College
of Intelligence and Computing, Tianjin Univer-
sity, Tianjin, China. His research interests in-
clude deep learning, graph neural networks, and
fault diagnosis.

Authorized licensed use limited to: TIANJIN UNIVERSITY. Downloaded on August 24,2024 at 16:22:59 UTC from IEEE Xplore.  Restrictions apply. 



280 IEEE TRANSACTIONS ON INDUSTRIAL CYBER-PHYSICAL SYSTEMS, VOL. 2, 2024

Te Han (Member, IEEE) received the B.Sc. and
Ph.D. degrees in energy and power engineer-
ing from Tsinghua University, Beijing, China, in
2015 and 2020, respectively. In 2019, he was a
Visiting Scholar with the University of Alberta,
Edmonton, AB, Canada. From 2020 to 2023,
he was a Postdoctoral Research Fellow with
Department of Industrial Engineering, Tsinghua
University, Beijing. He is currently an Associate
Professor with the School of Management, Bei-
jing Institute of Technology, Beijing. He has au-

thored or coauthored two books and more than 50 articles in techni-
cal journals and conference proceedings. 11 of his articles have been
honored with the “ESI highly cited paper”, and five articles has been
honored with the “ESI hot paper” in the Web of Science. His research
interests include scientific machine learning, deep learning, trustwor-
thy AI, and applications to sustainable energy, industrial diagnostics,
prognostics and health management. He has been recognized as one
of the World’s Top 2% Scientists by Stanford University consecutively
from 2020 to 2022. He was the Guest Editor of internationally renowned
journals, such as Reliability Engineering & System Safety, and Journal
of Risk and Reliability. He is the Editor of Applied Soft Computing, and
an Associate Editor for IEEE SENSORS JOURNAL. He is also an active
peer reviewer for more than 50 prestigious journals. He has received
numerous prestigious awards, including the Young Elite Scientists Spon-
sorship by the China Association for Science and Technology (CAST),
Shuimu Scholar from Tsinghua University and Excellent Doctoral Thesis
at Tsinghua University.

Boyuan Yang (Member, IEEE) received the
B.A., M.A., and Ph.D. degrees in mechani-
cal engineering from the School of Mechanical
Engineering, Xi’an Jiaotong University, Xi’an,
China, in 2013, 2015, and 2019, respectively.
He was a Research Associate with the School
of Electrical and Electronic Engineering, Univer-
sity of Manchester, Manchester, U.K. In 2024,
he joined the Center for Advanced Control and
Smart Operations, Nanjing university, Nanjing,
China. His research interests include intelli-

gent manufacturing, machine learning, condition monitoring, and wind
energy.

Weidong Zhang (Senior Member, IEEE) re-
ceived the B.S., M.S., and Ph.D. degrees in
control science and engineering from Zhejiang
University, Hangzhou, China, in 1990, 1993, and
1996, respectively. From 2003 to 2004, he was
an Alexander von Humboldt Fellow with the Uni-
versity of Stuttgart, Stuttgart, Germany. From
2013 to 2017, he was Deputy Dean with the
Department of Automation. He was a Postdoc-
toral Fellow with Shanghai Jiaotong University,
Shanghai China, where he joined as an Asso-

ciate Professor in 1998, and has been a Full Professor, since 1999.
He is currently the Director of the Engineering Research Center of
Marine Automation Shanghai Municipal Education Commission, China.
He has authored or coauthored more than 300 papers and one book,
and has been recognized as an Elsevier most cited Researcher. His
research interests include control theory, machine learning theory, and
their applications in industry and autonomous systems. Dr. Zhang was
the recipient of the National Science Fund for Distinguished Young
Scholars, China.

Shen Yin (Fellow, IEEE) received the M.Sc.
and Ph.D. (Dr.-Ing.) degrees from the Univer-
sity of Duisburg–Essen, Duisburg, Germany. He
is currently the DNV Endowed Professor with
the Department of Mechanical and Industrial
Engineering, Norwegian University of Science
and Technology, Trondheim, Norway. He was
elected to the Norwegian Academy of Techno-
logical Sciences (NTVA). His research interests
include safety, reliability of technical systems,
system and control theory, data-driven and ma-

chine learning approaches, applications in cyber-physical systems,
health diagnosis, medical technology, and sustainable energy.

Donghua Zhou (Fellow, IEEE) received the
B.Eng., M.Sci., and Ph.D. degrees in electri-
cal engineering from Shanghai Jiao Tong Uni-
versity, Shanghai, China, in 1985, 1988, and
1990, respectively. From 1995 to 1996, he was
an Alexander von Humboldt Research Fellow
with the University of Duisburg-Essen, Duis-
burg, Germany, and a Visiting Scholar with Yale
University, New Haven, CT, USA, during 2001–
2002. He was with Tsinghua University, Beijing,
China, in 1996, where he was promoted to Full

Professor in 1997 and was the Head of the Department of Automation,
during 2008–2015. From 2015 to 2023, he was the Vice President of
the Shandong University of Science and Technology, Qingdao, China,
China. He has authored and coauthored more than 320 peer-reviewed
international journal papers and nine monographs in the areas of fault
diagnosis, fault-tolerant control, and operational safety evaluation. Dr.
Zhou is an Associate Editor for Journal of Process Control, the Vice
Chairman of the Chinese Association of Automation, and the TC Chair
of the SAFEPROCESS Committee, CAA. He was also the NoC Chair of
the 6th IFAC Symposium on SAFEPROCESS 2006. He is a Fellow of
IET and CAA, a Member of IFAC TC on SAFEPROCESS.

Authorized licensed use limited to: TIANJIN UNIVERSITY. Downloaded on August 24,2024 at 16:22:59 UTC from IEEE Xplore.  Restrictions apply. 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


