
Ziyun Wang
Yan Wang
Zhicheng Ji

Advances in 
Fault Detection 
and Diagnosis 
Using Filtering 
Analysis



Advances in Fault Detection and Diagnosis Using
Filtering Analysis



Ziyun Wang · Yan Wang · Zhicheng Ji

Advances in Fault Detection
and Diagnosis Using
Filtering Analysis



Ziyun Wang
School of IOT Engineering
Jiangnan University
Wuxi, Jiangsu, China

Zhicheng Ji
School of IOT Engineering
Jiangnan University
Wuxi, Jiangsu, China

Yan Wang
School of IOT Engineering
Jiangnan University
Wuxi, Jiangsu, China

ISBN 978-981-16-5958-4 ISBN 978-981-16-5959-1 (eBook)
https://doi.org/10.1007/978-981-16-5959-1

© The Editor(s) (if applicable) and The Author(s), under exclusive license to Springer Nature
Singapore Pte Ltd. 2022
This work is subject to copyright. All rights are solely and exclusively licensed by the Publisher, whether
the whole or part of the material is concerned, specifically the rights of translation, reprinting, reuse
of illustrations, recitation, broadcasting, reproduction on microfilms or in any other physical way, and
transmission or information storage and retrieval, electronic adaptation, computer software, or by similar
or dissimilar methodology now known or hereafter developed.
The use of general descriptive names, registered names, trademarks, service marks, etc. in this publication
does not imply, even in the absence of a specific statement, that such names are exempt from the relevant
protective laws and regulations and therefore free for general use.
The publisher, the authors and the editors are safe to assume that the advice and information in this book
are believed to be true and accurate at the date of publication. Neither the publisher nor the authors or
the editors give a warranty, expressed or implied, with respect to the material contained herein or for any
errors or omissions that may have been made. The publisher remains neutral with regard to jurisdictional
claims in published maps and institutional affiliations.

This Springer imprint is published by the registered company Springer Nature Singapore Pte Ltd.
The registered company address is: 152 Beach Road, #21-01/04 Gateway East, Singapore 189721,
Singapore

https://doi.org/10.1007/978-981-16-5959-1


Preface I

At the core of many engineering problems is the solution of sets of equations and
inequalities, and the optimization of cost functions. Unfortunately, except in special
cases, such as when a set of equations is linear in its unknowns or when a convex
cost function has to be minimized under convex constraints, the results obtained by
conventional numericalmethods are only local and cannot be guaranteed.Thismeans,
for example, that the actual global minimum of a cost functionmay not be reached, or
that some global minimizers of this cost function may escape detection. By contrast,
set-membership analysis makes it possible to obtain guaranteed approximations of
the set of all the actual solutions of the problem being considered. This, together
with the lack of books presenting set-membership techniques in such a way that they
could become part of any engineering numerical tool kit, motivated the writing of
this book.

There were at least two ideas on which we easily agreed, though. First, the book
should be as simple and understandable as possible, which is why there are so
many illustrations and examples. Secondly, readers willing to experiment with set-
membership analysis on their own applications should be given the power to do
so.

Wuxi, China Ziyun Wang
Yan Wang

Zhicheng Ji
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Preface II

Advances in Fault Detection and Diagnosis Using Filtering
Analysis

In practical industrial applications, the operational safety and fault detection and
diagnosis of engineering systems have received global attention. For actual engi-
neering systems, how to find an efficient and accurate fault detection and diagnosis
method to deal with the fault and ensure the safe and reliable operation of equipment
is a very prominent problem in this field. To our knowledge, in the actual engineering
system, there will inevitably be a variety of noises. In most cases, there is not enough
data to summarize the random characteristics of these noises, and some noises do not
have random characteristics, so it is difficult to describe them with statistical laws.
Therefore, compared with traditional fault detection and diagnosis methods based on
noises conforming to specific distribution laws, it is a meaningful work to conduct
accurate and effective fault detection and diagnosis of systems with uncertain noises.

In all, this book proposes some filtering-based fault detection and diagnosis
methods for engineering systems with unknown but bounded noises. In order to
deal with the uncertain noises in the engineering system reasonably, this book uses
the set-membership filtering method, which combines control discipline with space
geometry. For different engineering systems, different spatial geometric shapes are
used to contain the noises of the system, and the affine contraction process of the
geometric space is used to describe the change of the state feasible set. Based on the
obtained state feasible set, the process of fault detection and diagnosis can be further
completed. On this basis, aiming at the problem of fault detection and diagnosis of
engineering systems, from the perspective of filtering, this book not only improves
the existing methods but also discusses and studies new methods. This book is of
great value to post-graduate students, teachers, engineers, and individual researchers
in the field of fault detection and diagnosis based on set-membership filtering.

Chapter 2 studies and analyzes the traditional fault diagnosis method based on
filtering, and the Kalman filter algorithm is taken as an example to simulate and
verify in the fault diagnosis of power converter. In Chap. 3, the fault detection

vii



viii Preface II

method of set-membership filtering based on ellipsoid is analyzed and studied.
Aiming at the problems of repeated calculation and low data utilization rate of the
parameter estimation algorithm of weight ellipsoid, the parameter estimation algo-
rithm of limited data window of weight ellipsoid is proposed. In Chap. 4, based on
the polyhedral set-membership algorithm, a fault detection algorithm based on poly-
hedral set-membership filtering is proposed. In Chap. 5, based on the knowledge of
interval operation and the idea of set inversion via interval analysis, a fault observer
based on vector set inversion interval filtering is designed for the fault detection of
DC motors. In Chap. 6, based on zonotopes and orthotopes, combined with linear
programming theory, the fault diagnosis method of set-membership filtering based
on polyhedron is studied. At the same time, considering the directional expansion
theory and the stratification idea, the targeted researchwas carried out, respectively. In
Chap. 7, two fault diagnosis methods based on composite set-membership filtering
are proposed. Finally, in Chap. 8, the research contents of this book are summa-
rized. Also, the future development direction of the fault diagnosis method based on
set-membership filtering is prospected.

Wuxi, China
June 2021

Ziyun Wang
Yan Wang
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Chapter 1
Introduction

1.1 Fault Detection and Diagnosis Problem

With the further development of industrialization, the scale of electric power [1],
chemical industry [2], machinery [3] and other industries has been expanding, and
the system structure has become more and more complex. Affected by many unpre-
dictable and unavoidable factors, these large industrial systems may have various
faults at any time. Therefore, fault detection and diagnosis plays a key role in the
operation and maintenance of equipment. In the process of industrial production, the
synchronous guarantee of production efficiency and system safety has always been
the focus of people’s attention. Once the system components or subsystems fail, the
system usually can not operate as expected. In this case, if the system continues to
run, it will bring significant losses to the economic benefits, equipment maintenance,
and the employee safety [4, 5].

As a renewable energy source, wind energy has the advantages of large energy
storage, pollution-free, sustainable, and renewable energy. It is one of the most eco-
nomical green energy sources in the world [6]. Wind turbine is a complex electrome-
chanical system responsible for converting wind energy into electric energy, and it is
generally composed of system components such as hubs, transmission shafts, gear-
boxes, generators and so on [7]. Wind turbines are exposed to the environment of
large temperature differences between day and night, big load change and random
wind impact all year round. The working environment is very harsh, and they are
prone to failure. At the same time, the remote industrial environment of the wind
turbine is remote, faults are usually difficult to find and repair in the first time, and
it is easy to evolve into major accidents, which greatly increases the maintenance
cost [8, 9]. It is reported that in 2004, Danish motor suppliers lost 40 million Euro
due to the motor faults of wind turbines. Power converter is a widely used power
conversion device in system energy conversion and transmission, and it plays a key
role in power, industry, agriculture and other fields [10]. With the expansion of the
application field of power electronic technology, the application field of power con-
verters will be broader. However, as an intermediate link of power system conversion,
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2 1 Introduction

power converter is vulnerable to higher switching frequencies. At the same time, its
work is also accompanied by electric heating, which leads frequent faults of power
converter components [11, 12]. In addition, the safety and reliability of industrial
products such as air conditioners, electric vehicles and elevators that are commonly
used in daily life are also issues that cannot be ignored.

Fault detection and diagnosis play a key role in the operation and maintenance of
equipment in these industries. Regular maintenance of the system is usually more
economical and safer than dealing with faults after they occur.When the system fails,
the performance of the components or subsystems of the system cannot meet the
requirements, which will lead to the increase of resource consumption, the decrease
of systemperformance or the loss of its intended functions, or damaging themechani-
cal equipment, causing the entire system to paralyze and resulting in a huge economy
loss in the worst case, and even endangering the personal safety of employees. There-
fore, fault detection and diagnosis is also important in cost management, efficiency
improvement and environmental protection. The development of science and tech-
nology has promoted the progress of industrialization, and the strict requirements
on industrial safety has been put forward while the demand for product quality and
production efficiency in various industries has further improved. Therefore, using
safe and reliable fault detection and diagnosis methods for timely and effective fault
detection and diagnosis of the system has important practical significance to ensure
the reliable performance of the system, improve the economic benefits of the system,
and avoid casualties and environmental pollution.

1.2 Classification of Fault Detection and Diagnosis Methods

The research of fault diagnosis technology originated from Beard’s doctoral dis-
sertation published in 1971 [13]. With the investment of a large amount of capital,
manpower and material resources, fault diagnosis technology gradually developed.
Based on the researched contents of fault detection and diagnosis, Willsky published
the first review article related to fault detection and diagnosis in Automatica in 1975
[14]. Subsequently, the first academic work in the field of fault detection and diagno-
sis was published in 1978, laying a solid theoretical foundation for the development
of subsequent fault detection and diagnosis technology [15]. With the research and
discussion of scholars for nearly half a century, fault diagnosis technology has shown
a good development trend along the way. Various fault diagnosis algorithms have
been proposed, developed, improved and matured, which can effectively deal with
various systems and various situations. Under the fault diagnosis problem, and at the
same time have good diagnosis accuracy and speed. At present, fault diagnosis meth-
ods aremainly divided into three categories: analyticalmodel-basedmethod [16–18],
knowledge-based method [19, 20] and signal-processing-based method [21–23].

Furthermore, numerous experts and scholars have applied these methods to fields
of real industries. For example, Qiu and Dai [17] proposed a chemical process fault
diagnosis model and applied it to the Tennessee Eastman process. Jiang et al. [18]


