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Real-Time Diagnostics in the EGR System of Diesel Engines
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Abstract—The paper presents a real-time approach for
parameter identification used for diagnosing different types
of faults in the exhaust gas recirculation (EGR) system of
Diesel engines. An important benefit of the proposed diagnostics
method is its ability to detect and estimate a leak or a restriction
in the EGR system. This is achieved by making use of a
recursive-least-squares (RLS) method, as well as, a recursive
formulation of a robust version of the RLS method, which we
refer to as recursive total-least-squares (RTLS) method. The
proposed approach of fault detection is successfully applied
to diagnose low flow or high flow faults in an engine and is
validated using experimental data.

I. INTRODUCTION

Modern engine on-board diagnostics (OBD) systems are
mainly based on simple limits or rationality checks of some
measured signals and on simple signal-based methods such
as the frequency analysis of the engine speed signal [7]. In
the future, these methods will most probably not be able
to meet strict OBD requirements. Therefore, model-based
fault detection methods are promising ways for improving
the fault detection task. Analytical process information in the
form of mathematical models can be used to evaluate the
information from different sensors, whereby dependencies
between the different signals can be used. Therefore, source
of the faults can be better identified, and an isolation and
localization of the faults along with determining the severity
of the fault can be achieved.

The present paper focuses on the detection and estimation
of the severity of the low flow and high flow faults in
the EGR system of Diesel engines. Our fault identification
approach is a model-based method implemented in real-time.
Analysis of the residual signals generated using the proposed
identification scheme provides the detailed information re-
lated to the fault type, i.e., low flow or high flow, as well as,
the severity of the fault. The proposed method is shown to
be capable of discriminating between two different levels of
the fault magnitude. Our real-time parameter identification
method will be based on the RLS algorithm, as well as, a
modified version of the RTLS algorithm developed in this
paper.

Recently, there have been several efforts to develop real-
time model-based methods for diagnosis of faults occurring
in Diesel engines [2], [14], [1], [8]. The authors in [2]
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develop a steady-state intake airpath diagnostics method. In
particular, the work in [2] focuses on the development and
adaptation of the steady-state airpath models that track the
mass air flow (MAF) sensor output by utilizing a model
regressor identification technique called system probing. The
authors in [14] consider different fault types including air-
mass flow sensor fault, intake-manifold pressure sensor fault,
air-leakage between the air-mass flow sensor and the cylin-
ders, and the EGR valve stuck in a closed position. The
diagnosis system design in [14] follows the framework of
structured hypothesis tests. An effective method for improv-
ing model-based diagnosis for the airpath of a truck engine is
presented in [1]. The latter work builds statistical charts from
truck operational data, where quite accurate static models of
both the volumetric efficiency and sensors are developed.
The diagnostics method of [1] is tested in order to reduce
the overall residual scattering. The authors in [8] develop a
model-based approach for the fault detection and diagnosis
of combustion engines. They divide the engine into three
modules: the intake system, the injection system along with
the combustion, and the exhaust system. For the intake and
injection systems, residuals are generated which are zero
under normal operating conditions. In order for generating
the residual signals, semi-physical models, identification with
local linear neural networks, signal models and filter methods
are used.

Many real-world applications require a model of the
system to be available in real-time while the system is in
operation. Estimating an online model for batches of input-
output data might be used to address the question of whether
or not a failure has occurred, and if so, what type of failure
[9], [2]. The online models might also be used to investigate
the time variations in system and signal properties. The
methods for computing online models are called recursive
identification methods. There are some recursive estimation
algorithms that are widely used for conducting the param-
eter estimation to adapt an online model. These include
Kalman filter algorithm, forgetting factor algorithm, and un-
normalized and normalized gradient algorithms. In the linear
regression case, the forgetting factor algorithm is also known
as the recursive-least-squares (RLS) algorithm [9]. For the
real-time parameter identification of the proposed diagnostics
method of this paper, we use RLS and a recently developed
modified recursive method [13], which we call RTLS, to
reduce the effects of the parametric uncertainty and sensor
noise. RTLS is a recursive formulation of total-least-squares
(TLS) method. TLS was initially proposed to provide more
accurate parameter identification when error exists not only
in the sensor measurements but also the data matrices [4], in
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Fig. 1. Simplified schematic view of the airpath in a Diesel engine [12]

which cases the best solution in the least-squares sense is not
often as good as the best solution in the eigenvector sense. In
the present paper, the results of the application of the RTLS
algorithm are shown to provide significant improvement in
the parameter identification step in our diagnostics algorithm.

The rest of the paper is organized as follows. Section II
presents the model-based formulation used for the proposed
diagnosis technique in the present paper. Section III presents
our parameter identification-based approach for low flow and
high flow diagnosis of the EGR system. Section IV includes
the results that validate our diagnostics algorithm using the
data collected from both a Diesel engine test cell and a test
truck. Section V concludes the paper.

II. PRELIMINARIES AND PROBLEM STATEMENT

A schematic view of the engine airpath is shown in
Fig. 1. As shown in Fig. 1, the air entering the engine is
measured by an air mass flow sensor and the corresponding
measurement is represented by Wj;,. Then, the air goes
through a compressor and a charge air cooler, enters the
intake manifold, where it is mixed with the exhaust gases,
and flows into the cylinders where the fuel is added. In the
exhaust manifold, gas is divided into two parts: one flows
through the turbocharger to drive it, and another part flows
back to the intake manifold through the EGR passage. The
measurements used to generate the residual signals are the
EGR mass flow W4, the boost pressure P;, the exhaust
pressure P,, and the exhaust manifold temperature 7.

We use a mathematical model to represent the mass flow
past the EGR valve, which is well described by the standard
orifice flow equation, representing flow through a restriction

(3]
Cegr(Eegr) Bed(Z)  if pi < o

Wegr = 0 if Pi = Do (1)

Cegr (Gear) Hi6(22) i pi > p,

where R, p;, po, 1, are the gas constant, downstream
pressure, upstream pressure, and upstream temperature, re-
spectively. Cg, is the effective flow area of the EGR valve
expressed as a function of the normalized EGR valve opening
€egr € [0,1]. The pressure ratio correction factor ¢ is
calculated as

71/2(%)%31) if a <r.
bla) = .

if a > r.

where 7 is the ratio of specific heats, and 7. = (35 )71 s
known as the critical pressure ratio. The EGR valve effective
area Cegr(Eegr) is developed from the steady-state engine
mapping data; however, in the current work, it is represented
as a function of the EGR valve opening (percentage) as

Cegr (fegr) = blgegr + b2§ggr

where b; and by are scalar coefficients. To incorporate the
sensor measurement data in the used model, a parametric
model including two parameters a; and as is introduced as

\I/<pi7po> Tm Wegr) = algegr + a25§gr (3)

The parameters a; and as are to be identified using a real-
time parameter identification technique. We will be using
changes in the values of the parameters a; and as as the
indication of the occurrence of a fault, either a leak or a
restriction. The percentage of change of these coefficients
will be shown to be a representative of the severity of the
fault in the EGR system causing a variation of the amount
of gas flowing back to the intake system.

III. PROPOSED APPROACH FOR DETECTION AND
ESTIMATION OF THE FAULTS

The success of a model-based diagnostic technique is
highly dependent on the accuracy of the model structure
developed to represent the dynamics of the system. For
the Diesel engine system under study, suitable models and
mathematical relationships must be used, which extract
knowledge about the healthy or faulty system state with
the restricted information of only a few sensors. Noting
that we are concerned with the types of faults that take
place inside the EGR valve, we claim that employing the
appropriate static physics-based equations that represent the
flow through the EGR passage can address the identification
and estimation of the faults not only in steady-state but also
transient cycle.

This section presents the proposed fault detection and esti-
mation methodology for the EGR system of Diesel engines.
The algorithm is implemented by adapting the coefficients of
the equation given in (3) that represents the static behavior of
the EGR system in terms of the amount of gas flowing back
to the intake manifold. A coefficient error vector is generated
by comparing the healthy model parameters and the adapted
model parameters. The value (and sign) of the coefficient
error vector will be used to indicate whether or not a fault
exists and the type of fault occurred. Fault estimation is also
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performed by analyzing the residual between the healthy
model output and the actual sensor output.

There are always issues that may contribute to the pos-
sibility of false fault detection, such as model inaccuracy,
sensor noise, as well as, the sensor inaccuracy. The approach
taken in this work is shown to be less sensitive to model
uncertainty and sensor noise, since the RTLS method is
employed for the parameter identification purpose instead of
the RLS. Note that our parameter identification approach,
which is based on a static relationship, is robust against
the noise and uncertainties even though the algorithm is
implemented over the transient cycle. This is in contrast
to the approach taken in e.g. [2], which only considers the
fault detection and isolation in steady-state. It is noted that
sensor noise could be alternatively attenuated by averaging
and filtering the sensor output. To this end, suitable filters
may be determined [5], [15] using a similar approach used
to derive recursive formulation of the total-least-squares. We
note that the normal variability of the system appearing
during the work cycle is incorporated into the proposed
process by determining a threshold where the magnitude of
the coefficient error vector, that should be greater than a pre-
calculated tolerance before occurrence of a fault, is declared.

A. Fault Detection Scheme

Let the healthy system steady-state model coefficients in
(3) construct a vector H defined as

H=la1 as)" )

Next, we define the steady-state model coefficient vector F
for the adapted model, containing a fault, as

F=[af of] 5)

Using (4) and (5), we define the model coefficient error
vector E as

E=SH-F) (6)
where L1
aip ag

Defining E as in (6) represents a normalized change in the
model coefficients. It is, therefore, possible to effectively
address models having coefficients that differ significantly
in magnitude [2].

Detecting the existence of a fault is accomplished by
evaluating the magnitude of E and making sure that this
error is not due to the standard variability of the system.
The presence of a system fault can then be performed by
calculating the residual signal as

_ [y —yt(@) if [|E]2 > e

M(t) = { 0 otherwise ®)

where y(t) is the sensor output at the time instant ¢,
y(t) represents the healthy EGR system model having
the structure defined in (4), ¢ is a threshold value that
represents normal variability of the system, and ||E||3 =

ETE. Defining M as in (8) suggests that a nonzero value
for M indicates the presence of a fault.

The degree of variability of a healthy system, represented
by € in (8), can be quantified when determining the values a;
and ao in (4). To identify these coefficients for the healthy
model, a series of experiments is performed. For the multiple
experiments, the mean value of each identified parameter is
determined as a healthy model parameter in (4). Due to the
availability of the multiple values for each parameter (a;
and as), a standard deviation calculation can be performed,
where it can quantify the normal variability of the healthy
system. Hence, the parameter ¢ in (8) is determined as

€= H[ano—az]T”Q (9)
where o denotes the standard deviation.

B. Fault Estimation Scheme

Fault estimation is performed by establishing a represen-
tative for the fault size. Let us define the following metric
which is a percent error in the EGR mass flow predicted by
the healthy model

A(t) = ]\ii(t)

yH(t)

where M (t) is defined in (8). The metric A represents the

severity of the fault, e.g., how much gas flow is increased

due to the leak in the EGR system, or how much gas flow

is reduced due to the presence of a restriction in the EGR
system.

(10)

IV. EXPERIMENTAL VALIDATION

The engine under study in this work is a Cummins
Diesel engine equipped with exhaust gas recirculation (EGR)
system to reduce the emissions. The data are collected either
by running an FTP-75 test cycle in a test cell or from a test
truck driving on different routes.

To create the different types of faults, we concentrate on
high gas flow (leak) and low gas flow (restriction) faults.
A leak is applied by drilling a hole of certain size in the
poppet valve. A restriction is applied by placing a tube of a
particular size inside the EGR valve to restrict the amount of
the gas flowing back to the intake manifold through the EGR
passage. It is also worth mentioning that the full closed-loop
control, for coordinated control of the EGR valve opening,
VGT nozzle position, and intake throttle valve opening, is in
effect during all the FTP test cycles we run.

The proposed fault detection and estimation method is
applied to the EGR system of the internal combustion engine.
We are concerned with detecting internal leak, as opposed to
the external leak which is easy to detect [12], as well as, the
restriction inside the EGR valve. Using the model described
in (3), we determine a pair of coefficients (a1, as) that best
represents the data collected from the healthy system. The
faults of different magnitudes have been created on different
engines, so different pairs of the healthy parameters will
be determined as described in the following subsections. As
explained earlier in the paper, we employed RLS and RTLS
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Fig. 2. The EGR mass flow residual signal generated using the measure-
ment and output of the adapted model

methods for the parameter identification purpose. The details
of the RTLS method can be found in [15], [13], [10]. The
RTLS algorithm is implemented using a modified version
of the early recursive formulation presented in [13]. The
modified formulation of the RTLS used in the present work
can be found in [10].

A. Detection and Estimation of a Leak in the EGR System

1) Validation of the Method on Engine Test Cell Data:
We run the FTP-75 cycle in a test cell to collect data in
the healthy condition and in the presence of the leak. The
coefficients associated with the model of the system (in
both the healthy and the leaky conditions) are identified by
employing the RLS algorithm using a forgetting exponential
factor A = 0.999. Table I lists the coefficients, as well as,
the error vector determined using (6). The data listed in the
table are the results of several runs and subsequently taking
an average of the identified coefficients. Fig. (2) depicts the
difference between the output of the adapted model, i.e. the
output of the RLS algorithm, and the sensor measurements
used for the model adaptation purpose. Careful investigation
of the numbers listed in Table I indicates that £ < 0 implies
that there is a leak in the EGR system, and that || E||o will
increase if the size of the leak increases as shown in Table I
for leak diameters of 4.3mm and 4.5mm. This is consistent
with the physical interpretation of the coefficients in (3).

Once the EGR system is identified to be leaky, it still
remains to address the question of how severe the fault is.
To deal with this question, we need to evaluate the residual
signal generated from the difference between the EGR mass
flow measurement and the amount of gas that should be
flowing through the EGR path if the EGR system was in
the healthy condition. Fig. 3 illustrates the residual signals
associated with two sizes of the leak. The lower plot is the
magnification of the upper one, in a certain time interval, to
observe the difference between the residual signal associated
with the 4.5mm leak and that of the 4.3mm leak. The figures
indicate that the residual generated from the 4.5mm leak
is visibly higher than that generated from the 4.3mm leak.
Using the generated residual signals, one may determine the

T
residual signal associated with 4.3mm leak
residual signal associated with 4.5mm leak | |

residual

o 500 1000 1500
Time (sec)

3 T T
: residual signal associated with 4.3mm leak
(5] SREEEEEEE L I residual signal associated with 4. 5mm leak |

residual

1 1 b 1 1
B50 700 750 300 350
Time (sec)

Fig. 3. The EGR mass flow residual signal calculated using actual
measurement and output of the adapted healthy system

TABLE I
MODEL COEFFICIENTS (al, ag) FOR THE EGR SYSTEM OPERATION IN
BOTH THE HEALTHY AND LEAKY CONDITIONS

[ [ Coefficients [ Error vector [ [[E]2 ]
Healthy (11.37, -7.86) x x
4.3mm Leak | (13.51, -10.32) | (-0.188, -0.313) | 0.365
4.5mm Leak | (14.08, -11.05) | (-0.238, -0.405) | 0.469

size of the leak (in percent of opening). The interested reader
is referred to [10] for details about the procedure.

B. Detection and Estimation of the Restriction in the EGR
System

1) Validation of the Method on Engine Test Cell Data: To
validate the proposed algorithm of detection and estimation
of the restriction, a different engine, including the EGR
system, than the one we used for the diagnostics of the leak
is employed to collect the data in the healthy condition and
in the presence of the restriction inside the EGR valve. The
coefficients associated with the model of the EGR system
(in both healthy and restricted conditions) are identified
using the RTLS method (see [10] for the corresponding
descriptions) with a forgetting exponential factor A = 0.999.
Note that the RLS algorithm was initially used for the
parameter identification; however, it did not provide con-
vergence to identify the coefficients a; and as due to the
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Fig. 4. Results of the parameter identification using the RLS and RTLS
algorithms: (a) baseline and (b) restricted condition

presence of parameter uncertainties and sensor noise in the
experimental data. To show the superior performance of the
RTLS compared to the RLS, Fig. 4 illustrates the profiles of
the coefficients a; and as for baseline, i.e. healthy condition,
in the upper plot and the restricted condition created by
placing a tube inside the EGR valve in the lower plot. This
figure clearly indicates that the RLS algorithm is not able
to provide convergence especially for the baseline data. On
the other hand, RTLS provides convergence on the baseline
data, and similar results hold for the faulty data.

Table II lists the coefficients and the error vector calculated
using (6). The numbers presented in this table are the
results of several runs with the average of the identified
coefficients. Carefully investigating the numbers listed in
Table II indicates that £ > 0 implies that there is a restriction
in the EGR system that causes the gas to flow less than
expected, and that the larger the 2-norm of the vector E is,
the bigger the size of the restriction inside the EGR valve is.

Next, we use an identified pair of coefficients in the
baseline case, using the results of the RTLS algorithm, to
measure the right amount of gas that should have flowed
through the EGR path. Fig. 5 illustrates the actual measured
EGR mass flow in the system including a restriction plate
and the EGR mass flow that would have flowed through the
EGR path if there was no restriction placed in the valve.

2) Validation of the Method on Data Collected from a
Test Truck: In this section, we provide the results of using
the proposed diagnostics method for detecting the low flow
gas in the EGR passage using data collected from a heavy-

TABLE I
THE MODEL COEFFICIENTS (al, CLQ) FOR THE EGR SYSTEM OPERATION
UNDER THE HEALTHY AND RESTRICTIVE CONDITIONS

[ [ Coefficients [ Error vector £ [ [[E]2 ]
Healthy (113.63, -113.15) X X
Restrictive (13.15, -11.43) (0.884, 0.899) 1.261

25 T T T I I I
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Fig. 5. The EGR mass flow in the low flow faulty condition and the amount
of gas that should have flowed through the EGR passage

duty Diesel engine in driving conditions. The data are
collected from a test truck during a trip that represents a
city/highway driving cycle. We show the results of applying
our diagnostics algorithm to this set of data that includes
the different EGR restriction diameter sizes of 0.8, 0.62”,
0.5, 0.36”, 0.3”, and 0.25”, as well as, the baseline system.
The diameter sizes were chosen on the basis of descending
amounts of relative unrestricted areas of 50%, 30%, 20%,
10%, 7%, and 5%, respectively.

To implement the diagnostics algorithm as described in
the previous section, the RTLS algorithm is employed to
identify the coefficients a; and ao in (3). Fig. 6 shows
the coefficients a; and as versus the percentage of the
unrestricted area. The plot illustrates that using the developed
methodology the difference between small change in sizes
of the restrictions is distinguishable, particularly for higher
restrictions. It should be noted that for the identification
purpose, the RTLS algorithm does a satisfactory job, and
that the RTLS algorithm has been applied only to the part
of the data, where the EGR valve is not fully closed.

Fig. 6 verifies the fact that absolute values of both coeffi-
cients a1 and as decrease if the size of the restriction inside
the EGR valve increases. The plots may be used to generate
a 2-dimensional look-up table that represents the relation
between the coefficients a; and ao identified in real-time
and the size of the restriction in the EGR valve. This will
provide a quantitative assessment of the size of the restriction
that leads to the low flow in the EGR passage.
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Fig. 7. Profiles of the coefficients a; and a2 vs. the sample number for
the baseline system

To illustrate the convergence of the RTLS algorithm em-
ployed for the parameter identification, we have shown in
Fig. 7 and 8 the profiles of the identified coefficients a; and
ao over the course of time for the baseline and the maximum
restriction in the EGR system.

V. CONCLUSION

Presented in this paper is a real-time fault detection
methodology for the EGR system of Diesel engines. The
proposed approach is based on the identification of two
parameters in a static relationship obtained from the standard

95% restriction
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Fig. 8. Profiles of the coefficients a1 and a2 vs. the sample number for
95% restriction

orifice flow equation. For parameter identification purposes,
we use the RLS algorithm, as well as, a modified version of
the RTLS method which we develop in this paper. Occur-
rence of the fault, either a leak or a restriction, provides a
trend observed in the coefficients of the determined static re-
lationship. An advantage of the proposed diagnostics method
is its capability of estimating the magnitude of a fault, that
is, the size of a leak or a restriction in the EGR system.
The proposed method has been successfully implemented
and validated to diagnose low flow or high flow faults in
Diesel engines using experimental data.
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