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In this research, an innovative state observer of gasoline engine based on the combination
of Luenberger and sliding mode technique is proposed. This state observer is designed to
track crankshaft angular speed and estimate engine combustion torque based on the
experimental crankshaft angular speed of a four-cylinder Spark Ignition (SI) engine.
Then, a new advance in the application of Artificial Neural Networks (ANNs) based on
the estimated results of automated dynamic misfire fault diagnosis both under steady state
and non-stationary condition is discussed in detailed. In order to effectively obtain data for
network training, the estimated engine combustion torque is segmentally preprocessed
according to the crank angle displacement of automobile engine. Furthermore, a series of
experiments are carried out under normal and a variety of misfire conditions. The ANN sys-
tems are trained and tested using prepared cases. Finally, the Back-Propagation Neural
Network (BPNN), Elman Neural Network (ENN), and Support Vector Machine (SVM) are
applied to diagnose misfire fault, the effectiveness of each is evaluated respectively.
Based on the estimated engine combustion torque, the experimental results show that
the designed ENN is able to correctly diagnose misfire fault with a running time of 0.6 s,
including single misfire, intermittent double-cylinder misfire, and continuous double-
cylinder misfire in transient working condition.
� 2019 The Authors. Published by Elsevier Ltd. This is an open access article under the CC

BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Engine misfire is a phenomenon that the cylinder does not ignite normally due to mechanical or electronic failure. Misfire
Fault Diagnosis (MFD) of automotive engine is an important issue in On Board Diagnosis (OBD) system, which has significant
impacts on vehicle movement, such as emissions, fuel consumption, and engine damage. The effective detection of misfire
events can promote energy conservation and reduce economic loss caused by incomplete combustion and the damage of
three-way catalytic converter [1], etc. According to the basic requirements of common work cycle of gasoline engine in prac-
tical operation, misfire can be caused by a variety of factors, namely bad fuel quality, electromagnetic interference, system
fault of exhaust gas recirculation, poor ignition, insufficient fuel supply, mechanical failure, etc. Therefore, it is substantially
challenging to detect misfire events among the above-mentioned causes. The process of MFD includes three phases: (i) make
a judgment whether there is a misfire fault or not; (ii) if misfire event exists, identify its causes; (iii) estimate the severity of
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Nomenclature

Teng Engine torque
k Air to fuel ratio
h Crank angle
x Crankshaft angular speed
€h Crank angular acceleration
Af Spark advance (degrees before top-dead-center)
m# The mass of air entering into intake manifold for combustion in cylinder
Pin Engine intake manifold pressure
Je Engine crankshaft effective rotational moment of inertia
Tload Engine load torque
Taero Aerodynamic resistance torque
Tb Road grade and rolling resistance torque
Tfb Friction brake torque
Cq Aerodynamic drag coefficient
rg Engine crankshaft total gear ratio
gt The transmission gear ratio
gfd The final drive gear ratio
rw The wheel radius
b Road grade
l Coefficient of rolling resistance
g The acceleration due to gravity
M The mass of vehicle;
v Vehicle speed
Ffb The brake force on the vehicle is applied to the conventional friction brake
Tcom Engine combustion torque
R Crankshaft radius
l The length of connecting rod
Tr Reciprocating inertia torque
Tfrc The average friction torque
X1;X2;X3;X4 The segmental section of each engine cylinder

T̂
1n1

com; T̂
1n2
com; T̂

1n3
com; T̂

1n4

com Engine combustion torque of each segmental section

n1;n2;n3;n4 The number of engine combustion torque of each segmental section
Xmax Maximum of original data
Xmin Minimum of original data
Zmax The upper bound of normalization
Zmin The lower bound of normalization;
l1 The number of neuron in input layer
l2 The number of neuron in hidden layer
k The serial number of ENN calculation process
N The total number in the test group
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misfire. Hence, a complete process of misfire diagnosis is composed of these three steps. This study is focused on detecting
misfire events and their locations in misfire cylinder(s).

Numerous techniques of misfire detection have been proposed in existing literatures [2–4]. Different methods of MFD
based on the effect of missing combustion on engine behavior have been investigated since 1980. In 2001, Merkisz [4] com-
prehensively summarized the methods of MFD and analyzed the difficulties in implementation. In 2003, the application of
Fault Detection and Isolation (FDI) procedure was systematically described by Venkatasubramanian [5–7], which includes
quantitative model-based methods, qualitative models, and history-based methods. In 2008, Ding [8] summarized the strat-
egy and development of fault diagnosis technology from the perspective of model-based methods. Additionally, with the
transition of production technology from 2010 to 2012, automobile manufacturer was required to detect complete single
misfire events, results in the introduction of MFD of new energy vehicles. Further, in 2013, the range of MFD was extended
to multi-cylinder misfire fault and intermittent misfire under all working conditions. However, MFD remains to be challeng-
ing especially when multi-cylinder misfire events occur under high speed and low load condition, in which case, due to the
effect of increasing process variables on diagnosis accuracy, the number of misfire cylinder is difficult to detect in transient
operating condition.
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In general, the engine MFD methods can be categorized into in-cylinder combustion diagnosis and post-cylinder combus-
tion diagnosis [9]. There are three ways to detect in-cylinder combustion: direct measurements of ion current signal, optical
signal, and in-cylinder pressure signal. The first method is designed to monitor relatively few procedure parameters, such as
chamber pressure and air-fuel ratio, by using the probe integrated with a spark plug. The value of ion current indicates that
the absence of combustion in the cylinder possibility due to misfire events. The study in reference [10] analyzed the char-
acteristics of ion current signal under misfire condition and achieved reliable MFD. The method which uses optical sensor for
MFD is mainly applied in experimental study [4]. The primary method is to process the in-cylinder pressure data measured
by conventional piezoelectric sensors [11]. The estimated cylinder pressure and deviation torque based on Sliding Mode
Observer (SMO) have been used to develop the diagnosis system of misfire fault [12,13].Unfortunately, the estimator was
not designed in transient condition. Furthermore, based on the strong correlation of in-cylinder pressure signal, reference
[14] offered a promising misfire detection solution using ANN when the misfire event occurred in Homogeneous Charge
Compression Ignition (HCCI) engine with ethanol as a renewable fuel. However, the proposed method is difficult to achieve
due to poor chamber environment and high cost of sensor. Additionally, these aforementioned signals are not practical in use
for on-board MFD.

The second category of MFD is based on the measurements of post-cylinder parameters, including crankshaft angular
speed, crankshaft angular acceleration, crankshaft angle displacement, engine combustion torque, engine block vibration sig-
nal, exhaust gas properties, engine noise signal, oxygen sensor signal, Engine Roughness (ER), etc. The signals, such as crank
shaft angular speed, crankshaft angular acceleration, and crankshaft angle displacement, are commonly used in production
engines [15]. Lee [16] developed a misfire detection system using ANNwith a revised synthetic angular acceleration as input.
Although, this system was validated to be reliable, it is noted that these signals contained a large amount of noises caused by
the sensor errors, the change of dynamic load, and the road condition. Engine block vibration signal and engine noise signal
generally blend together to post challenges in finding the appropriate technique to distinguish them [17]. Compare to the
traditional Fast Fourier Transform (FFT), the proposed Wavelet Analysis (WA) technique in reference [18] is more effective
in filtering out high-frequency components of engine block vibration signals in misfire and normal combustion. Study [19]
illustrated the use of Decision Tree (DT) as a tool for feature extraction on the basis of indirect information in vibration signal
of the engine block. The acquired feature was further applied to detect misfire cylinder. Additionally, a novel nonlinear anal-
ysis method using Lyapunov exponents based vibroacoustic exhaust signals was put forward to develop the on-board MFD
system in locomotive engine [20]. This method has a good real-time performance in steady condition. Analysis of exhaust gas
pressure and composition, temperature measurements before and inside a catalytic converter has been used for misfire
detection [21–23], but these methods were based on exhaust gas properties with typically low response time. In order to
avoid the tendency of falling into local optimal solution and relatively low diagnostic accuracy, Yuan and Tian [24,25] pre-
sented an excellent strategy using the Improved Particle Swarm Optimization (IPSO) algorithm to optimize Support Vector
Machine (SVM), which can be further applied to diagnose misfire fault. Reference [26] put forward a new technique to detect
the misfire of diesel engine based on exhaust noise using statistical simulation method (Bootstrap), which yields the confi-
dence interval and histogram of required feature values. But the key issue of this method is to effectively choose the failure
characteristics reflecting the difference under types of conditions. Oxygen sensor signal measured by wide-band oxygen sen-
sors installed at the confluence point of the exhaust ports has been used to measure the variation in oxygen concentration
[27]. This method could possibly be a good choice for misfire detection. ER was recently proposed to present the variation of
crankshaft angular acceleration evaluate the operation condition of engine and detect misfire events [28] . Paper [29] pro-
posed an interacting multiple model for misfire detection based on estimated combustion torque using Parametric Kalman
Filtering (PKF). This model is capable effectively detecting the actual cylinder state early in the early combustion phase.
However, the aforementioned MFD methods have not been conducted in transient condition yet.

Since the post-cylinder parameters, such as crankshaft angular speed and crankshaft angular acceleration, are greatly
affected by sensor errors, the change of dynamic load, and road condition, the factors related to the in-cylinder ignition
events are considered. Given that engine combustion torque is directly related to in-cylinder ignition events, it is beneficial
to base the misfire detection and misfire cylinder allocation judgment on [30]. Therefore, it is used as the focus of this study.
However, engine combustion torque cannot be directly measured by sensors. Therefore in this study, the method of indirect
estimation is taken into consideration in this study [31]. Given that SMO has good robustness and accuracy in parameters
estimation, SMO is chosen as the tool to elaborate engine combustion torque. Additionally, the estimated results need to
be further disposed by MFD. Considering the advantages of simple structure and mature technique, ANN has been widely
applied in classification and function approximation fields. ANN has very strong nonlinear mapping, self-organizing, and
self-adaption capability, which makes ANN a good choice for MFD [32].

This study is motivated by the great challenge in multiple cylinders MFD in transient working condition. In this study, an
Optimized Luenberger Sliding Mode Observer (OLSMO) is proposed and used to estimate dynamic engine combustion torque
in transient condition. For the design of the state observer of engine combustion torque, a rigid crankshaft model is used
underlie the role of crankshaft angular speed tracking error. The designed OLSMO is validated both experimentally (on
the four-cylinder engine) and theoretically (the convergence of observer). Then, the estimated engine combustion torque
is used for MFD under steady state and non-stationary condition. Furthermore, an ANN based system is developed to auto-
matically diagnose misfire events in four-cylinder SI engine. In particular, the obtained engine combustion torque is segmen-
tally processed in correspondence with the crank angle displacement of automobile engine, then applied to train and test
network. In order to validate the designed networks for MFD, three methods including BPNN, ENN, and SVM are used to
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make a comparison. Meanwhile, a series of experiments are carried out both under normal condition and with a variety of
misfire events. Finally, the results show that the automatic diagnostic system, especially ENN, based on estimated engine
combustion torque, can detect misfire events efficiently, including single misfire, intermittent double-cylinder misfire,
and continuous double-cylinder misfire, even under transient working condition. ENN is capable of correctly diagnose mis-
fire fault with a relative higher accuracy compared to SVM, and its convergence curve is smoother than BPNN, which indi-
cates that ENN has a strong robustness in misfire detection for gasoline engine.

The rest of the paper is organized as follows. The rigid crankshaft model is described in Section 2; an optimized Luen-
berger sliding mode observer is designed and the estimated results are presented in Section 3; the method of MFD using
ENN is proposed and the results of MFD are discussed in Section 4; finally, conclusions are reached in Section 5.

2. Rigid crankshaft model

In this section, the dynamic system of rigid engine crankshaft model is briefly described. According to the engine model of
SI engine proposed by Crossley and Cook [33], the engine torque produced by the engine cylinders can be expressed in the
form of polynomial function
Teng ¼ uðkÞ þ wðx;AfÞ þ Hðm#;AfÞ ð1Þ

where the functions uðkÞ; wðx;AfÞ; and Hðm#;AfÞ are defined respectively, as follows
uðkÞ ¼ ak2 þ bkþ e
wðx;AfÞ ¼ cx2 þ dxþ gxAf

Hðm#;AfÞ ¼ sA2
s þ fAf þ hA2

fm# þ iAfm# þ jm#

8><
>: ð2Þ
where a; b; e; c; d; k; s; f ;h; i; j are polynomial coefficients which need to be calibrated via bench test according to specified
engine type. Furthermore, m# can also be expressed in the form of polynomial function
m# ¼ Fðx; PinÞ ¼ axþ rxP2
in þ ox2Pin þ pP2

in þ qPin ð3Þ

where a;r; o; p; q are polynomial coefficients needed to be determined.

Additionally, the engine torque subtracts the net load torque equals to acceleration.
Je€h ¼ Teng � Tload ð4Þ

where engine load torque Tload can be approximately described as three main factors including (i) aerodynamic resistance
torque Taero, (ii) road grade and rolling resistance torque Tb, and (iii) friction brake torque Tfb [34]. The engine speed is pro-
portional to the vehicle speed, e.g., v ¼ xrg as long as the wheels do not slip. Thus, Taero is given by Taero ¼ Cqr3gx2, where
rg ¼ rw=gtgfd. The torque as a function of road grade b and rolling resistance coefficient l, can by expressed as
Tb ¼ ð�lMgcosbþMgsinbÞrg . And Tfb ¼ Ffbrg is the retarding torque caused by force Ffb applied to the vehicle’s conventional
friction brake [35–36]. Therefore, the load torque can be denoted as
Tload ¼ Taero � Tb þ Tfb ð5Þ

According to the crankshaft dynamic system of the multi-cylinder gasoline engine, the dynamic equation of the crank-

shaft rotation can be described as
Je€h ¼ Tcom � Tr � Tfrc � Tload ð6Þ

where engine combustion torque Tcom, reciprocating inertia torque Tr , and average friction torque Tfrc are analyzed in detail
in reference [37]. Further, the Eq. (6) can also be represented as
Tcom ¼ Je€hþ Tr þ Tfrc þ Tload ð7Þ

Define the state variables x1 ¼ h; x2 ¼ x, then Eq. (4) can be transformed into the state space
_x1 ¼ x2
_x2 ¼ 1

Je
Teng � Tload
� �

(
ð8Þ
Substitute Eq. (1) into the state space, Eq. (8) can be derived as
_x1 ¼ x2
_x2 ¼ 1

Je
uðkÞ þ wðx2;AfÞ þ Hðm#;AfÞ � Tload½ �

(
ð9Þ
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3. Observer design and estimated results

3.1. Optimized Luenberger sliding mode observer design

In this study, the sliding surface, which is the switching function, is chosen as
s ¼ x2 � x̂2 ð10Þ

where x̂2 is the estimation of the measured speed x2. Based on the principle of sliding mode variable structure, formula (10)
is applicable condition when s_s < 0. In order to meet the sliding mode condition, the effective injection signal needs to be
chosen. During the sliding mode motion, the well-chosen switching function could be equal to zero due to discontinuous
injection signals. Therefore, the system yields excellent robustness under disturbance signals and uncertain condition. Addi-
tionally, the better sharp saturation function is applied to weaken the vibration in switching function attacking crank angular
speed. Then, the derivative of switching function is obtained
Je _s ¼ Je _x2 � _̂x2
� �

¼ EðsÞ � Ksat s=eð Þ; K > 0ð Þ ð11Þ
where EðsÞ represents the error function between the designed observer and stiff crankshaft model, Ksatðs=eÞ is a designed
injection signal, Kis the sliding mode gain, satð�Þ is a saturation function, and e is a positive constant. The slope of the linear
part in satðs=eÞ is 1=e which should be large enough to approach to sign function. Meanwhile, in order to ensure that the
switching function convergence fast, the sliding mode gain should be as big as possible. However, if K has an excessively
large value, the vibration in switching function will increase and decrease the accuracy in tracking speed. Therefore, a Luen-
berger observer is further introduced to accelerate the estimating speed of estimated states. And Eq. (11) can be improved as
Je _s ¼ EðsÞ � Lsþ Ksat s=eð Þ½ �; ðK; L > 0Þ ð12Þ

where L is Luenberger gain. According to the estimated speed x̂2, the optimized Luenberger sliding mode observer of crank-
shaft dynamics in Eq. (9) can be rewritten as
_̂x1 ¼ x̂2
_̂x2 ¼ 1

Je
uðkÞ þ wðx̂2;AfÞ þ Hðm̂#;AfÞ � Tload½ � þ Lsþ Ksat s=eð Þ

(
ð13Þ
where m̂# ¼ Fðx̂2; PinÞ ¼ ax̂2 þ rx̂2P2
in þ ox2Pin þ pP2

in þ qPin. And the estimated crank angular acceleration can be obtained
ŷ ¼ _̂x2 ð14Þ

Substitute Eq. (13) into the Eq. (7), the estimated combustion torque can be obtained
T̂com ¼ uðkÞ þ wðx̂2;AfÞ þ Hðm̂#;AfÞ þ T̂r þ T̂ frc þ Lsþ Ksatðs=eÞ ð15Þ

where
T̂r ¼ mpc ŷLeðx1Þ þ R2x̂22Gðx1Þ
h i

Leðx1Þ ð16Þ

T̂ frc ¼
ycx̂

2
2 þ ux̂2 þ z

� �
Vd

pkcyl
ð17Þ
3.2. Stability analysis

According to Eqs. (9) and (13), the designed Luenberger sliding mode observer is utilized to continuously track crank
angular speed by changing the estimated combustion torque. Now define error function of Luenberger observer as
Je _s ¼ wðx2;AfÞ � wðx̂2;AfÞ þ Hðm#;AfÞ � Hðm̂#;AfÞ � Ls ð18Þ

Additionally, substitute wðx2;AfÞ;wðx̂2;AfÞ;Hðm#;AfÞ;Hðm̂#;AfÞ;m# and m̂# with, the above formula can be expressed as
Je _s ¼ dþ gAf þ ðjþ iAf þ hA2
f Þ½ðoðx2 þ x̂2ÞPm þ rP2

m þ a� � cðx2 þ x̂2Þ � L
h i

s ð19Þ
Define
A ¼ dþ rAf þ ðjþ iAf þ hA2
f Þ½ðoðx2 þ x̂2ÞPm þ nP2

m þm� þ cðx2 þ x̂2Þ � LC ð20Þ

where C ¼ 1. Then Eq. (19) can be rewritten as
_s ¼ 1
Je
ðA� LCÞs ð21Þ
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By means of Lyapunov stability theorem, if the characteristic matrix of Luenberger observer satisfies the Hurwitz condi-
tion, which specifies that a negative real part exists in the eigen value of ðA� LCÞ, the asymptotic stability of the error
dynamics is guaranteed. Therefore, we can derive
Table 2
The pol

Coef

a
s
i
r
yc
det½kI � ðA� LCÞ� ¼ k� ðA� LCÞj j ¼ k� Aþ L ¼ 0 ð22Þ

where I represents the unit matrix. Since k is less than zero, A� L < 0. Therefore, we can derive Luenberger gain L > A. Addi-
tionally, refer to Eqs. (12) and (20), error dynamic system can be expressed as
_s ¼ ðA� LÞs� Ksatðs=eÞ
Je

ð23Þ
A Lyapunov function candidate is selected as V ¼ ð1=2Þs2. By differentiating both sides of Lyapunov function, the deriva-
tive of the Lyapunov function is obtained as _V ¼ s_s. Apparently, the inequality _V < 0 holds true based on Lyapunov theorem.
_V ¼ s_s ¼ s
ðA� LÞs� Ksatðs=eÞ

Je
< 0 ð24Þ
The above formula proves that Eq. (23) is stable if a proper gain K > ðA� LÞs is selected.

3.3. Experimental results of engine combustion torque estimation

In this experiment setup, a four-cylinder SI engine (details are listed in Table 1) is used in real-time torque estimation
study. And the value of the aforementioned polynomial coefficients of four-cylinder SI engine are calibrated in bench test
according to the specified engine model in Table 1, the polynomial coefficients of which are shown in Table 2.

In order to achieve the proposed observer using optimized Luenberger sliding mode technique, a dynamic engine plat-
form is conducted under unsteady condition. The crankshaft angular speed and crank angle are experimentally measured
using angular velocity sensor. The operational state of the vehicle is set to New European Drive Cycle (NEDC), which has been
widely applied to exam the transient emission. Additionally, the crank speed signal is extracted by crankshaft position sen-
sor, and sampling frequency of signal is chosen to be 20 kHz. The flowchart of the experimental process using OLSMO with
observer gain K ¼ 60; L ¼ 120 is shown in Fig. 1. In this figure, the designed observer has six inputs, including crank speed,
crank angle, fraction torque, reciprocating inertia torque, load torque, and tracking speed error. Finally, the estimated engine
combustion torque is an output which is used to MFD. If the estimated engine combustion torque decreases dramatically in a
full engine cycle, it is considered a misfire fault is detected and the details are discussed in Section 4 for ANN Design Scheme.

In this section, the estimated results of idle mode, acceleration mode, and deceleration mode using OLSMO are presented
respectively in the next few figures. And the estimated results are based on partial experiment data of NEDC condition within
a minute. The tracking results of crankshaft angular speed are given in Fig. 2, which shows a good overall performance of
OLSMO in speed tracking without strong vibration during steady state in Graph (a), acceleration state in Graph (b) and decel-
eration state in Graph (c) under NEDC condition. Additionally, the speed tracking error of OLSMO from cool start process to
25 s ending is given in Graph (d). The steady state error (from 7 to 10 s) is close to zero, and the speed tracking error is only
3% in transient state (for example: from 11 to 15 s). Therefore, Graph (d) indicates that the proposed observer possesses have
achieved good stability.
Table 1
Features and specifications of turbocharged SI engine.

Parameter Value and Unit

Engine Type 4-cylinder 4-stroke in-line
Firing Order 1-3-4-2
Engine Capacity 2.0 L
Compression Ratio 10.5:1
Bore 83 mm
Crank Radius 93/2 mm
Connecting Rod Length 145 mm

ynomial coefficients of four-cylinder SI engine.

ficient Value Coefficient Value Coefficient Value Coefficient Value

�0:85 b 21:91 c �0:000107 d 0:027
0:0028 f 0:26 g 0:00048 h �0:05
2:55 j 379:36 e �181:3 a �0:0000783
�0:0337 o 0:0001 p �0:0725 q 0:1812

5� 10�8 u 0:00015 z 0:97
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Fig. 2. Crankshaft angular speed tracking results using OLSMO in NEDC.
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Fig. 3 shows the experimental results of estimator under different working condition including (a) Free fault condition in
idle mode, (b) Misfire in cylinder 2 in acceleration mode, (c) Misfire in cylinder 4&1 in acceleration mode, and (d) Misfire in
cylinder 1&3 in deceleration mode. A great reduction of combustion torque in cylinder 2 can be seen in subplot (b) and the
irregular sharp reduction of combustion torque in cylinder 4&1 is shown in subplot (c). Further, the estimated engine com-
bustion torque matches that of the measured one under different working conditions, which indicates that the designed
OLSMO is well capable of constructing the actual engine combustion torque under both steady condition and transient work-
ing condition. It is assumed that OLSMO has good robustness and can effectively decrease the influence of external distur-
bance and system uncertainty. Therefore, it is concluded that the proposed OLSMO holds a good dynamic performance in
estimating engine combustion torque. Further, the numbers in Fig. 3 represent the engine cylinder sequence under different
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Fig. 3. Estimated results of engine combustion torque using OLSMO.
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working condition. It can be seen that the characteristics of misfire is obvious for each cycle when misfire event occurs. It is
verified that the estimated engine combustion torque can be applied to MFD.
4. ANN for misfire fault diagnosis

4.1. Feature extraction

Numerous studies have shown that ANNs can effectively differentiate various faults of rotating machines [33,34]. Based
on a considerable amount of training data, the designed ANN can make a decent judgment on given inputs which have never
been presented before. In order to efficiently train the designed networks, the estimated results need to be further disposed.
According to the experimental crankshaft angle displacement of engine, the estimated engine combustion torque is divided
into four segments at the valley value of amplitude in each cycle with 720 degrees. As shown in Fig. 4, the approximate sum-
mation of engine combustion torque for each cylinder is acquired in this section.

The curve of crank angle is the crankshaft angle displacement of engine, which is processed by modular arithmetic with
720 degrees. In this case, the rotation position of engine crankshaft can be determined based on the location of Top Dead
Center (TDC) in cylinder 1, which indicates that the engine crankshaft sequentially rotates certain angle when the rotation



Estimated engine 
combustion torque

Segmental engine 
combustion torque

Sum1 Sum2 Sum3 Sum4

5554531585 5554531585

Crank angle

Normalization

Fig. 4. Treatment scheme of estimated engine combustion torque.
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position is allocated via TDC of cylinder 1. The expression is described in formula (25), where mod ð�Þ represents the function
of modular arithmetic and angular is the crank shaft angle displacement. The expression is multiplied by 0.2 to decrease the
weight of angle displacement.
Crank angle ¼ 0:2 � mod ðangular;720Þ � 360½ � ð25Þ

Given the input T̂com in treatment scheme, the segmental data based on combustion cycle of each engine cylinder are

defined as
X1 : T̂
11

com; T̂
12

com; � � � ; T̂
1n1
com

X2 : T̂
21

com; T̂
22

com; � � � ; T̂
2n2
com

X3 : T̂
31

com; T̂
32

com; � � � ; T̂
3n3
com

X4 : T̂
41

com; T̂
42

com; � � � ; T̂
4n4
com

8>>>>>><
>>>>>>:

ð26Þ
According to study [1], the summation of engine combustion torque in each segmental section are defined as
T̂
1

com ¼Pn1
j¼1T̂

1j
com

T̂
2

com ¼Pn2
j¼1T̂

2j
com

T̂
3

com ¼Pn3
j¼1T̂

3j
com

T̂
4

com ¼Pn4
j¼1T̂

4j
com

8>>>>>><
>>>>>>:

ð27Þ
In order to eliminate the differences in data attributed to the neural network training process, the segmental engine com-

bustion torque is further normalized. Define segmental engine combustion torque as X ¼ T̂
1

com T̂
2

com T̂
3

com T̂
4

com

h i
, the rule

of normalization is given as
Y ¼ ðZmax � ZminÞ � ðX � XminÞ
Xmax � Xmin

þ Zmin ð28Þ
where Zmax and Zmin can be adjusted. The normalization interval is set to ½�1; 1� in this section. Therefore, Zmax and Zmin is
defined as �1 and 1, respectively.

4.2. Structure design of ENN

Though BPNN is successfully applied in fault diagnosis field with its strong nonlinear mapping capability, its convergence
speed is still slow and may not converge to a global minimum compared to the feedback networks, such as ENN. Therefore,
the ENN is experimentally used to detect misfire in this section.

The ENN consists of four layers: input layer, hidden layer, context layer, and output layer. The engine loads are taken into
consideration and the system inputs are from normalized data by feature extraction using summation of estimated combus-
tion torque for each combustion cylinder in one cycle. Thus, the input layer of ENN has 4 neurons. The number of neurons in
hidden layer of ENN is determined by a trial and error procedure. In general, the relation to the number of neurons between
hidden layer and input layer approximation can be denoted as:
l2 ¼ 2l1 þ 1 ð29Þ



Table 3
9 operation conditions of engine.

Working Condition Fault Code Classification label

Normal condition [0 0 0 1] 1
Misfire in cylinder 1 [0 0 1 0] 2
Misfire in cylinder 2 [0 0 1 1] 3
Misfire in cylinder 3 [0 1 0 0] 4
Misfire in cylinder 4 [0 1 0 1] 5
Misfire in cylinder 1&3 [0 1 1 0] 6
Misfire in cylinder 4&2 [0 1 1 1] 7
Misfire in cylinder 1&4 [1 0 0 0] 8
Misfire in cylinder 3&2 [1 0 0 1] 9

Hidden Layer Output LayerInput Layer

Output

D
Context Layer

fault 
code

9
4

4

Fig. 5. The diagram of the ENN with hyperbolic tangent and logistic regression transfer functions.
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Therefore, the number of neurons in hidden layer is set to 9. The context layer describes a feedback process which con-
tains a feedback value from hidden layer. The output layer has 4 neurons and the output value of each neuron is either 0 or 1,
which represents 9 misfire conditions from [0 0 0 1] to [1 0 0 1], respectively as shown in Table 3.

In particular, since the ignition order is set to 1-3-4-2, misfire in cylinder 1&3 and 4&2 represent double cylinder contin-
uous misfire fault condition. And misfire in cylinder 1&4 and 3&2 represent double cylinder intermittent misfire fault
condition.

As shown in Fig. 5, the diagram of the ENN is designed to obtain the desired target. Both input and output vector have 4-
dimension. The output vector of hidden layer and context layer have 9-dimension. w1;w2;w3 are connection weights of the
input layer to hidden layer, hidden layer to output layer, and context layer to hidden layer, respectively. b1 and b2 are thresh-
old value of hidden layer and output layer. And tansigð�Þ is hyperbolic tangent transfer function, log sigð�Þ is logistic regres-
sion transfer function.

Define the input vector of ENN as
uEðk� 1Þ ¼ T̂
�1

com T̂
�2

com T̂
�3

com T̂
�4

com

� �
ð30Þ
Then the output vector of hidden layer can be expressed as
a1ðkÞ ¼ tan sigðw1uEðkÞ þw3a1ðk� 1Þ þ b1Þ ð31Þ

Based on the output of hidden layer, the context layer is added to a delayer, therefore, a1ðk� 1Þ represents the output of

context layer. The output of output layer can be expressed as
a2ðkÞ ¼ yðkÞ ¼ log sigðw2a1ðkÞ þ b2Þ ð32Þ

where yðkÞ is the practical output of ENN.

4.3. Learning process of ENN

The procedure parameters are defined in the learning process of ENN. The ENN is trained up to 1000 epochs (net.
epochs = 1000) to achieve the discrepancy of 0.001 (net.goal = 0.001). The training status is displayed for every 10 epochs
(net.show = 10). The learning rate is set to 0.1 (net.lr = 0.1) and the momentum constant is set to 0.9 (net.mc = 0.9).

Define the error function as



u net.show
net.lr net.mc
net.goal net.epochs
b1 b2

Initialize w1 w2
Back-propagation 
algorithm

E<net.goal
or E>net.epochs

Output y(k)

N

Y

Fig. 6. The flowchart of the ENN training process with back-propagation algorithm.
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EðkÞ ¼ 1
2

XN
k¼1

yðkÞ � dðkÞ½ �2 ð33Þ
where dðkÞ is the desired output. Additionally, the connection weights and threshold value of hidden layer and output layer
are revised via the back-propagation algorithm. Thus, the training process of ENN is presented in Fig. 6.

4.4. Evaluation index

In order to evaluate the performance of designed ENN, two fitness criterions error ratio and res are introduced as follow
error ratio ¼
PN

k¼1 y kð Þ � d kð Þj j
N

ð34Þ

res ¼ norm
XN
k¼1

y kð Þ � d kð Þj j
 !

ð35Þ
where normð�Þ represents the matrix norm, error ratio represents the average error ratio in output value and target value, and
res is the norm of error which indicates that res is a distance metric in Euclidean space. A higher fitness criterion means
poorer ENN performance.

4.5. Experimental results

In this study, ENN is used to detect different misfire events and the methods of SVM and BPNN are also introduced to
validate the performance of designed ENN. Additionally, three engine working conditions, which includes idle mode
(approximately 800 rpm), acceleration mode (920 rpm–1150 rpm), and deceleration mode (1015 rpm–820 rpm), are
designed for the automatic MFD. There are a total of 108 cases for each working condition and all cases are from the exper-
iments on four-cylinder SI engine (details are listed in Table 1). Furthermore, each working condition is divided into two
tribution of data under different misfire condition.

raining/For Test Idle/Acceleration/Deceleration Mode
al 6 in total

le Misfire 6 in cylinder 1 6 in cylinder 2 6 in cylinder 3 6 in cylinder 4
le Cylinder Misfire 6 in cylinder 1&3 6 in cylinder 4&2 6 in cylinder 1&4 6 in cylinder 3&2



Table 5
The output results of ENN.

Output label Practical output results Desire output results Engine real state Classification results

yð1Þ 0:0474 0:0451 0:0866 0:9787½ � [0 0 0 1] Normal True
yð7Þ 0:0344 0:0003 0:9941 0:0001½ � [0 0 1 0] Misfire in cylinder 1 True
yð13Þ 0:0300 0:0172 0:9800 0:9981½ � [0 0 1 1] Misfire in cylinder 2 True
yð19Þ 0:0118 0:9972 0:0267 0:0057½ � [0 1 0 0] Misfire in cylinder 3 True
yð25Þ 0:0290 0:9936 0:0098 0:9737½ � [0 1 0 1] Misfire in cylinder 4 True
yð31Þ 0:0000 0:9497 0:9628 0:0014½ � [0 1 1 0] Misfire in cylinder 1&3 True
yð37Þ 0:0064 0:9628 0:9772 0:9996½ � [0 1 1 1] Misfire in cylinder 2&4 True
yð43Þ 0:9266 0:0050 0:0181 0:0052½ � [1 0 0 0] Misfire in cylinder 1&4 True
yð49Þ 0:9693 0:0024 0:0193 0:9983½ � [1 0 0 1] Misfire in cylinder 2&3 True
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groups, one for networks training (54 cases), the remaining 54 cases are for test purposes. The distribution of different mis-
fire conditions is shown in Table 4.

The results of MFD under acceleration condition using ENN are presented in Table 5. Since the test process contains 54
data sets, the partial results of ENN are shown in Table 5. In particular, the practical output of ENN is turned into a binary
code according to the rounding rules. The results show that the ENN can accurately diagnose different misfire fault.

Furthermore, the value of the ENN fitness criterion is calculated under acceleration condition. According to formula (34)
and (35), the fitness criterion can be expressed as error ratio ¼ 0:0921 and res ¼ 0:3843. The results show that the value of
fitness criterion is very small. Therefore, the designed ENN is capable of accurately diagnosing the misfire fault in multi-
cylinder.

Since the BPNN and SVM are introduced to make a comparison in MFD, the experimental results of BPNN and SVM are
also presented in this study. As shown in Table 6, the partial test results of BPNN indicate that the test case of output label
yð9Þ is incorrectly diagnosed. In this case, the practical output is [1 0 1 0], which shows that the result of MFD is abnormal.
Table 6
The output results of BPNN.

Output label Practical output results Desire output results Engine real state Classification results

yð1Þ 0:0318 0:0280 0:0422 0:9913½ � [0 0 0 1] Normal True
yð9Þ 0:5953 0:0194 0:8923 0:0083½ � [0 0 1 0] Misfire in cylinder 1 False
yð13Þ 0:0171 0:0246 0:9983 1:0000½ � [0 0 1 1] Misfire in cylinder 2 True
yð19Þ 0:0109 0:9949 0:0450 0:0039½ � [0 1 0 0] Misfire in cylinder 3 True
yð25Þ 0:1177 0:9947 0:0000 0:8774½ � [0 1 0 1] Misfire in cylinder 4 True
yð31Þ 0:0042 0:9776 0:9930 0:0003½ � [0 1 1 0] Misfire in cylinder 1&3 True
yð37Þ 0:0001 0:9633 0:9781 1:0000½ � [0 1 1 1] Misfire in cylinder 2&4 True
yð43Þ 0:9976 0:0260 0:0039 0:0836½ � [1 0 0 0] Misfire in cylinder 1&4 True
yð49Þ 0:9957 0:0026 0:0267 0:9957½ � [1 0 0 1] Misfire in cylinder 2&3 True
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Fig. 7. Test results of misfire fault diagnosis using SVM (Deceleration condition).



Table 7
A performance comparison of MFD.

Working Condition Performance BPNN ENN SVM MLP [38]

Idle Mode Error Ratio 0.1041 0.1318 � 0.4941
Res 1.2054 1.4049 � �
Running Time 0.6510 s 0.6172 s 0.2601 s �
Accuracy 52/54 52/54 52/54 36/36

Acceleration Mode Error Ratio 0.1380 0.0921 � �
Res 0.9410 0.3843 � �
Running Time 0.6214 s 0.5600 s 0.3022 s �
Accuracy 53/54 54/54 53/54 �

Deceleration Mode Error Ratio 0.0473 0.0873 � �
Res 0.2388 0.6665 � �
Running Time 0.6042 s 0.4938 s 0.2730 s �
Accuracy 54/54 54/54 53/54 �
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Fig. 8. Training process of BPNN.
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Fig. 9. Training process of ENN.
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The value of BPNN fitness criterion is calculated under acceleration condition. The fitness criterion error ratio ¼ 0:1380
and res ¼ 0:9410. Compared to the designed ENN, the value of BPNN fitness criterion is larger, which leads to a larger dis-
crepancy in MFD than the designed ENN. However, BPNN is relatively accurate in multi-cylinder misfire fault diagnosis.
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The experimental results of SVM under deceleration condition are presented in Fig. 7, which displays 54 test data sets in
MFD and only one error occurs during test process. In this case, the test result of the seventh classification (Misfire in cylin-
der 2&4) is incorrectly diagnosed as the fourth classification (Misfire in cylinder 3).

The final results for performance comparison of MFD under different working condition are shown in Table 7.
Firstly, the results of MFD are analyzed from the perspective of detection accuracy. Compare BPNN and SVM to the

designed ENN, the designed ENN is more accurate in misfire diagnosis performance and the results show that the test case
is incorrectly classified only under idle condition. However, the introduced SVM and BPNN are unable to realize MFD per-
fectly and one error occurred in MFD under different engine operation condition. In particular, the method of engine misfire
fault diagnosis proposed by Jian Chen [38] is based on Multi-Layer Perceptron networks (MLPs) using torsional vibration sig-
nal of crankshaft. Though the accuracy of MFD using MIP is higher than ENN under idle condition, the MLP is only applied in
single misfire fault diagnosis.

Secondly, the results of MFD are analyzed from the perspective of running time. The results show that the SVM consumes
the least amount of time in MFD, which is only 0:3s. However, ENN and BPNN take about 0:6s in MFD, and the running time
of ENN is shorter than that of BPNN. Though SVM takes the shortest running time in MFD, its misfire fault diagnosis accuracy
is lower than ENN and BPNN under transient condition. Therefore, ENN has an advantage over engine misfire fault diagnosis
compared to BPNN and SVM.

Finally, with regard to the fitness criterion, the designed ANNs including BPNN and ENN have a better performance in
MFD under idle condition compared to MLP. Further, the value of fitness criterion using BPNN is larger than that of ENN
under acceleration condition. Which shows that ENN has a better performance for multi-cylinder misfire fault diagnosis.

Additionally, though the value of fitness criterion of BPNN is smaller than ENN under idle and deceleration condition, the
experimental results in Table 7 shows that ENN is also accurate in detecting misfire event without affecting practical appli-
cation. Furthermore, according to the comparison between Figs. 8 and 9, for ENN, the error curve of training process is
smoother than that of BPNN, which indicates that the introduced feedback in ENN has improved the stability of the network.
Thus, the ENN is capable of detecting misfire fault with greater practical value and effectively avoid the local optimal solu-
tion. In conclusion, ENN has a superior overall performance in MFD.
5. Conclusion

An automatic dynamic MFD system is developed in this paper. The method of obtaining estimated engine combustion
torque based on optimized Luenberger sliding mode observer and effectively designing artificial neural networks using esti-
mated results are studied. The proposed estimator is applied to track crankshaft speed and estimate engine combustion tor-
que based on experimental crankshaft angular speed of a four-cylinder SI engine. The inputs of the ANNs are proposed
segmental data according to crankshaft angle displacement of engine. The simulated outcomes of BPNN, ENN, and SVM
methods in MFD are compared. It is demonstrated that the proposed automatic diagnostics system has a better performance
compared to the designed MLP in work [38]. Additionally, from the final results, though the designed SVM and BPNN are not
as robust as the ENN, these three methods can efficiently detect and diagnose various misfire events under transient working
condition. More importantly, the proposed ENN is superior to BPNN in the aspect of obtaining a strongly effectively perfor-
mance in misfire detection for gasoline engine.
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