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Abstract Map-based control has the advantage of a simple control structure. However, in the case of a
complex plant, calibrating the map is diﬃcult. Calibration methodology using plant model is increasing
in engine calibration industries. However, the models are for steady-state operation and cannot simulate
at transient operation well. This study introduces the dynamic empirical model and applies the transient
corrective function of an electronic control unit to simulate more realistic behavior. The optimization problem
for calibrating maps of diesel engines is constructed, and the formulation of cost function and constraints is
discussed. Consequently, the proposed calibration scheme can ﬁnd an optimal map in satisﬁed constraints.
Finally, the optimized maps are validated using mass production diesel engines.
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1

Introduction

To realize of sustainable mobility, internal combustion engines (ICEs) in passenger vehicles must reduce
emissions, carbon dioxide (CO2 ) and fuel consumption. Evaluation driving cycle changes from the new
European driving cycle (NEDC) to the worldwide harmonized light vehicles test cycles (WLTC) constitute
a higher required driving force and more transient driving pattern than NEDC. Furthermore, real driving
emissions (RDE) regulation requires emission measurement results in actual traﬃc road. Diesel engines
have the advantage of fuel consumption and torque performance, and they reduce emissions by precise
combustion control and the exhaust gas after treatment (EAT) system. Figure 1 shows the fuel and air
pass layout of the diesel engine system. Common rail injection system enable the supply of fuel multiple
times in a cycle at arbitrary times and the control of injection pressure. Exhaust gas recirculation system
(EGR) and variable geometry turbocharger (VGT) control in-cylinder gas also help realize appropriate
combustion.
This EGR system is composed of high-pressure loop exhaust gas recirculation (HP-EGR) and lowpressure loop exhaust gas recirculation (LP-EGR). First, EGR can reduce nitrogen oxide (NOx ) by
decreasing ﬂame temperature via introducing an inert gas. Additional eﬀects come from the higher
speciﬁc heat value for exhaust gas than air and the reduced probability of nitrogen molecules meeting
and reacting with oxygen (O2 ) due to the presence of burned gas [1].
HP-EGR can introduce hot EGR gas from the upstream of VGT without an EGR cooler. Hence HPEGR has the advantages of reducing carbon monoxide (CO) emission due to high-temperature EGR gas
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(Color online) Diesel engine system [2] @Copyright 2013 SAE International.

and reducing gas mass ﬂow passing through the catalyst compared with LP-EGR. In contrast, LP-EGR
can introduce cooled EGR gas from the downstream of diesel particulate ﬁlter (DPF) through the EGR
cooler and the charge air cooler. Therefore, LP-EGR functions to increase fuel eﬃciency by the following
three reasons:
(1) Compared to HP-EGR, the net amounts of in-cylinder gas increases and the excess air ratio (λ)
also increases.
(2) Thermal loss is reduced due to the reduced ﬂame temperature.
(3) Compressor eﬃciency remains at a high level, especially at low loads, because the amounts of
exhaust gas passing through the VGT is not reduced even when EGR increases.
The enhancement of using LP-EGR is eﬀective in reducing NOx emission and fuel consumption, however, CO emission increases due to the reduction in combustion temperature. In addition, LP-EGR ﬂow
indicates lag and dead-time characteristics, because the LP-EGR passage from the LP-EGR valve to
intake manifold is very long. For combustion control, it is important to control EGR ﬂow at the intake
manifold. When LP-EGR ﬂow delays, the desired amount of EGR is compensated with HP-EGR, which
has a higher response than LP-EGR. Therefore, the desired amount of EGR is maintained at the desired
EGR, and the NOx emission at the transient operation is suppressed [2, 3].
All actuators are controlled by an electronic control unit (ECU). In current mass production engines,
map-based control is the most general control strategy because of simplicity and clarity. Map corresponds
to a look-up table that has diﬀerent engine speeds ω and torques Te . Basically, the number of maps is
the same as the control objects or actuators. If necessary, a correction map depending on environment
temperature, pressure, and engine temperature is added.
In current industrial practice, the calibration of maps is conducted with steady-state engine operation
by an engineer who considers emissions, fuel consumption, noise and vibration, and hardware protection.
However, the use of additional actuators and sensors and more complex integrated systems make it
diﬃcult to ﬁnd optimal calibration. The calibration processes are accordingly confronted by the curse of
dimensionality. Therefore, eﬃciency and an in-practice calibration scheme are necessary.
Under these diﬃculties, model based calibration (MBC) has been identiﬁed as a novel methodology for
increasing calibration eﬃciency and quality. Models used in engine calibration industries need high simu-
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lation accuracy, and the models are categorized into white/black/gray-box models or physical/empirical
models [4]. Physical models based on the constraint and the considered conservation laws have the
advantage of extrapolation prediction and reusability of the model. However, in the calibration phase
of mass production development, engines are always provided to calibrate and use the empirical models whose simulation accuracy is higher than the physical models. By using the design of experiments
(DoE) methodologies, the eﬃciency of the system identiﬁcation process and the model quality have been
signiﬁcantly improved [5–7]. However, these models simulate steady-state. To calibrate optimal map
in a transient driving pattern such as WLTC, transient modeling, and optimization methodology are
necessary.
To perform oﬀ-line ICE calibration, models for engine-out emissions must be used, and several types of
emission models exist. Brahma et al. [8] utilized a neural network model to predict NOx and soot, which
are used to optimize four parameters for any speed and torque. Another model used was the quadratic
global regression model to predict NOx mass ﬂow rate and smoke [9]. Berger et al. [10] introduced the
Gaussian process model for engine calibration, and compared the model to other types of models. For
an automated process with few human interactions, and for the primary objective of reducing time and
costs at the test-bed, a solution with the Gaussian process model may be preferred.
To predict emissions at transient engine operation, a simpliﬁed combustion process and the emission
formation was modeled as a stationary batch process [11]. The air path states and the location of mass
fraction burned at 50% introduced external dynamics to the stationary model structure. It is shown that
the main dynamic eﬀects in emission formation come from the air path states at the engine intake. The
data required to develop the dynamic engine model is obtained by operating the engine through a set
of transient dynamometer tests while the engine calibration is perturbed in real-time. The predictive
engine model produced in this fashion utilizes a combination of equation-based and neural network datadriven methods [12, 13]. For the non-linear dynamic model, parametric Volterra series model was also
introduced [14]. The noteworthy properties of Volterra series are the linearity of parameters, the high
ﬂexibility, and easy stability check by methods of linear system theory.
For map calibration, the two main diﬀerent approaches of optimization are local optimization and
global optimization. In local optimization, only a single engine operation point is considered for calculating optimal parameters. If engine load and speed over whole driving cycle are also considered, global
optimization is performed [15]. In this paper, global optimization is discussed. Atkinson et al. [12, 13]
studied the optimal calibration scheme for transient engine operation using the neural network model, and
optimized a look-up table. In practice, the combination of many input variables should be considered and
optimized, and the deﬁnition of constraint and construction of optimization problems should be applied
in industrial problems. However, few studies have examined about practical engine map optimization
problems.
The goal of basic calibration is to determine the lowest possible fuel consumption by optimizing the
input variables for each operating point. However, the practical constraints are imposed by drivability, smooth transitions during acceleration to full load, no jerking at any operating point, engine start
and oﬀ behavior, and switching operations. Additional constraints such as smoothness and gradient of
maps may be directly given by a human expert [16]. Current ECU has a basic map (e.g., target boost
pressure, fresh air mass,) and correction function to realize the optimal behavior in transient engine operations. Therefore, the basic engine map should be optimized in a practical environment including ECU
functions [17, 18].
This paper discusses the eﬀectiveness of the calibration scheme for global optimization including transient engine operations. In particular, the basic engine map according to fuel consumption and emissions
is treated. Section 2 explains the overview of map-based control. Section 3 makes the engine model, evaluates the model, and explains the optimization methodology. Section 4 builds the optimization problem
(cost function and constraints). Section 5 shows the optimization results, and Section 6 shows the experimental results using the optimized calibration map. Section 7 concludes this paper. The nomenclature
of this paper is listed in Appendix A.
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(Color online) Map-based diesel engine control system.

Problem formulation
Map-based diesel engine control system

Figure 2 shows the map-based diesel engine control system in a simulation environment. The engine
speed and torque are given as trace data. In this paper, the trace data is the ﬁxed time series vector,
and NEDC and WLTC are discussed. ECU function can be mainly divided into three phases. The 1st
phase is the basic map, and is the optimization target of this paper. The basic map is a look-up table
that has various engine speeds and torques. The 2nd phase is the transient correction. Often, desired
variables from the look-up table are modiﬁed using sensor values to control optimally depending on the
actual situation. Corrected desired variables are the target for the actuator controller, and the actuator
controller can determine control signals using proportional-integral-diﬀerential (PID) feedback control.
The empirical engine model is used as plant model, and predicts emissions, fuel consumption, and sensor
values. A detailed discussion of the engine model is presented in Section 3.
2.2

Design variables

In this paper, design variables uij are the main fuel injection timing (deg.BTDC), fuel injection pressure
(hPa), boost pressure (hPa), and fresh air mass ﬂow (mg/stroke). In addition, i represents the design
variable index (i = 1, 2, 3, 4). When the basic map size is N × M , as shown in Figure 3(b), the map grid
index of the operation point is deﬁned as j (j = 1, 2, . . . , N × M ). The blue dots of Figure 3(a) represent
the grid index points of the basic map.

3
3.1

Proposed optimal calibration scheme
Plant modeling

The Gaussian process regression (GPR) model is the most common modeling algorithm because it has
the advantage of high ﬂexibility without requiring assumptions or expertise, giving a local conﬁdence
interval and being robust against outliers. All parameters for model ﬁtting can be optimized based on
the data, and the Gaussian process modeling consults any fully automatic approach.
Baumann et al. [5] showed that it is diﬃcult to express transient behavior using a steady-state model.
In this study, the type of model is a mixture of the Gaussian process model [19] and the non-linear
autoregressive exogenous model (NARX), and this mixture is called dynamic modeling [20]. By using the
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Figure 3 (Color online) Grid index j numbering of N × M map. (a) Grid index point of basic map; (b) grid index j of
basic map.

feedback of input x and output y, the input space of the system is expanded to a certain time horizon.
The NARX approach transforms the dynamic identiﬁcation problem into a quasi-stationary relationship
shown in 1, where k indicates a discrete time-step.
y(k) = f (x1 (k), x1 (k − 1), . . . , x2 (k), x2 (k − 1), . . . , y(k − 1), . . .).

(1)

To consider the transient eﬀect, two scenarios are possible for NARX: one-step-ahead and multi-stepahead prediction. In the case of one step-ahead prediction in Figure 4(a), the past plant outputs yPlant
are known and given during the runtime by actual measurements. The model predicts only the next time
step, and this type is valid for an on-line controller.
At the multi-step ahead prediction, the past plant outputs are replaced with the model predictions
yModel , in Figure 4(b). This type equals an oﬀ-line simulation and is suitable for calibration. In this
study, the ETAS ASCMO dynamic was used as the modeling tool and the multi-step-ahead prediction
type was applied.
The test plan for dynamic modeling is a time series vector of input variables. The space ﬁlling constraint
and the frequency region constraint should be considered. The utilized test plan mainly has two type
sequences. One type is called sinusoidal sequence, called chirp sequences, which is easy to create and has
been proven to be very well suited for diesel and gasoline engines [17, 21]. In sinusoidal sequence, high
frequency distribution is shown around the edge of parameter range. The advantage of using sinusoidal
signals is their continuous slope and good coverage of the test space. Another type is called amplitude
modulated pseudo-random binary sequences (APRBS), and this type is generated depending on steadystate DoE test plan and is easy to set the constraint of the test space. The frequency of the test sequence
is deﬁned by ramp time and holds time and can include the very low frequency region, such as the
steady-state operation. When the steady-state operation is included, APRBS is eﬀective. The input
variables are commanded for every 0.1 s depending on the test plan. Figure 5 shows a part of test plan
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Figure 4 NARX structure using a Gaussian process model [20] @Copyright 2016 Springer Fachmedien Wiesbaden.
(a) One-step ahead prediction; (b) multi-step ahead prediction.
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(Color online) Test plan and training data for plant modeling. (a) Chirp type; (b) APRBS type.
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(Color online) Boundary ﬁnder [7].

and training data. To realize accurate simulate results in both steady-state operation (mainly in NEDC)
and transient operation (mainly in WLTC), 15 h training test data of sinusoidal and APRBS sequence
were moderately used for identiﬁcation. In addition, one special cycle is measured for validation data
using a ﬁxed map.
The measurement of training data is conducted in a transient testbed with a light inertia dynamometer.
First, the boundary check should be performed [7]. The boundaries of the upper and lower limits are
found by the boundary ﬁnder for each combustion control parameter. The next section brieﬂy introduces
the boundary ﬁnder. The boundary ﬁnder is an extremely important process to determine the scope
of the engine performance to be reproduced by the model and to determine the prediction accuracy of
the model. Figure 6 shows the utilized method of the boundary ﬁnder. Many candidate points were
prepared in advance using DoE, and a test that determines whether each candidate point is inside or
outside the boundary was performed at high speed. Here, the boundary ﬁnder was implemented using
six input parameters, including engine speed and torque, and the determination was performed at the
rate of approximately one minute per condition. The result was that approximately 2800 of the 4000
points initially planned were determined to be within the boundary. This inside-boundary condition was
inputted for the convex-hull calculation, and the DoE was applied again to the interior of that convex
hull. The application of this approach could produce a minimal homogeneous measurement distribution.
3.2

Validation results

Figure 7 shows the validation results of the identiﬁed dynamic empirical plant model. The validated cycle
includes the steady-state and transient operations. The inputs of the model are the actuator position (e.g.,
EGR valve and VGT), and the inputs are calculated in ECU. Overall, the model shows good predictive
accuracy, but in places, the predicted value shows high sensitivity to noise (e.g., 600–700 s). In this area,
fuel is cut instantaneously to the change gear phase, and the actuator positions rapidly change. When
the change rate of input value exceeds the training data, the predictive accuracy decays. To calibrate
the model, importance was attached to the change rate of acceleration phase, and it was slower than the
gear change phase. In this study, the model predictive accuracy was validated using the normalized root
mean square error (nRMSE) in (3). N represents the number of sampled data, meas(k) represents the
measurement value at discrete time step k, model(k) represents predicted value at discrete time step k,
and max and min represent the maximum and minimum values of the measurement value, respectively.
Table 1 shows the nRMSE results. The used dynamic empirical model shows good simulation accuracy,
and an error less than 5% of the nRMSE is considered successful modeling.
√ ∑
N
RMSE = N1 k=1 (meas(k) − model(k))2 ,
(2)
nRMSE =

RMSE
max−min

× 100.

(3)

NOx (mg/s)

(a)

Soot (mg/s)

(b)

Fuel mass flow
CO (mg/s)
(g/s)
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Figure 7 (Color online) Validation results. (a) Measured and predicted of NOx emission; (b) measured and predicted of
soot emission; (c) measured and predicted of CO emission; (d) measured and predicted of fuel mass ﬂow; (e) engine speed.
Table 1

4

nRMSE of validation results

Item

nRMSE (%)

NOx

2.75

Soot

4.81

CO

3.84

Fuel

1.61

Optimization problem

The optimization objective is formulated to minimize fuel consumption by limiting NOx , soot, and CO
emissions under an arbitrary level through the entire driving duration TNEDC and TWLTC . To generate
a practical map, the smoothness is necessary and as important as noise and drivability in the case of
acceleration. Conventionally, calibration engineers have considered the smoothness, and in the proposed
scheme, gradient and smoothness constraints play a role in this. The side constraint values of design
variables are deﬁned by the boundary of upper and lower limit used boundary ﬁnder in Subsection 3.1.
Then, the cost function can be formulated as follows:
J=

TNEDC
∑

ffuel (νz (k))∆t +

k=0

TWLTC
∑

ffuel (νz (k))∆t

(4)

k=0

subject to
νz (k) = gz (uij (k)).

(5)

Constraint functions can be formulated as follows:
(T
) (T
)
NEDC
WLTC
∑
∑
NEDC
WLTC
fNOx (νz (k))∆t − CNO
+
fNOx (νz (k))∆t − CNO
6 0,
x
x
k=0

(T

∑

)

NEDC

k=0

fSoot (νz (k))∆t −

NEDC
CSoot

(T
+

k=0

∑

)

WLTC

k=0

(6)

fSoot (νz (k))∆t −

WLTC
CSoot

6 0,

(7)
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NEDC
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NEDC
CCO

k=0

(T
+

∑
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)

WLTC

fCO (νz (k))∆t −

WLTC
CCO

6 0,

(8)

k=0

(

)
dui
max
− Cix 6 0,
dxi
)
(
dui
− Ciy 6 0,
max
dyi

(9)
(10)

δi − Cismooth 6 0

(11)

| (un+2,m − 2un+1,m + un,m ) |,

(12)

| (un,m+2 − 2un,m+1 + un,m ) |,

(13)

subject to
δx =

N
−2 ∑
M
∑
n=0 m=0

δy =

N M
−2
∑
∑
n=0 m=0

δ=

1
(δx + δy ) .
2

(14)

ffuel is a function of fuel consumption (g/s), which is simulated from the input value {νz (k), z = 1, 2, . . . , 6}
at discrete time k. νz (k) in (5) represents the actuator demand calculated from basic map through transient collection and actuator controller in ECU function g(·). Actuator demands for air pass are positions
of HP-EGR valve, LP-EGR valve, intake throttle, and VGT. For fueling, the actuator demands are main
fuel injection timing and fuel injection pressure, and the details on ECU function can be found in [2].
ffuel is integrated from 0 to end of cycle time, and cost function J is the sum of integrated values for
NEDC and WLTC values in (4). Similarly, functions of emission fNOx , fSoot and fCO are simulated from
NEDC
WLTC
NEDC
WLTC
NEDC
WLTC
input νz (k). For constraints of emissions, CNO
, CNO
, CSoot
, CSoot
, CCO
, CCO
in (6)–(8)
x
x
are arbitrary constant values.
The basic maps have two arguments of the look-up table and are presented as the row axis and column
axis. The two axes are represented as x and y. x corresponds to the engine speed, and y corresponds to
the engine torque. In (9) and (10), the maximum gradients along the x-axis and the y-axis are limited
by the gradient constraints Cix and Ciy .
Smoothness is expressed as the map curvature. In this study, the sum of the second order diﬀerence
in each axis is calculated as δx and δy shown in (12) and (13). n (n = 1, 2, . . . , N ) determines the row
index of the map and m (m = 1, 2, . . . , M ) determines the column index of the map in Figure 3(b). The
average of δx and δy is deﬁned as the smoothness index δ in (14). The smoothness index of each map δi
is limited by an arbitrary constant value Cismooth .
The used optimization methodology was the sequential quadratic programming (SQP) of the optimization toolbox in MATLAB. SQP is one of the iterative methodologies for the constrained non-linear
optimization problems. The relation between design variables and emissions of diesel engine has strong
nonlinearity. Sometimes, the gradient descent algorithm may slip into a narrow design space and be
boxed in due to many strict constraints. In this case, the solver cannot ﬁnd a feasible solution. To avoid
being incapable of moving, the penalty function is added to the cost function with some weighting factor.
In this study, integrated NOx and CO were considered as the penalty functions. Eq. (4) is modiﬁed to
(15), and ρ1 and ρ2 represent the weighting factors. The calculation is implemented by a PC that has 2
3.10-GHz processors that are parallelized over 20 cores.
{T
J=

∑

NEDC

ffuel (νz (k))∆t +

k=0

{T

+ ρ1

TWLTC
∑

}
ffuel (νz (k))∆t

k=0

∑

NEDC

k=0

fNOx (νz (k))∆t +

TWLTC
∑
k=0

}
fNOx (νz (k))∆t
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Figure 8 (Color online) Transient corrective function behavior of ECU. (a) Engine speed; (b) measured and simulated
HP-EGR valve position; (c) engine torque; (d) measured and simulated LP-EGR valve position; (e) desired fresh air mass
ﬂow; (f) measured and simulated throttle valve position; (g) desired boost pressure; (h) measured and simulated VGT
position.

{T
+ ρ2

∑

NEDC

k=0

fCO (νn (z))∆t +

TWLTC
∑

}
fCO (νz (k))∆t .

(15)

k=0

Simulation through optimization includes the ECU functions shown in Figure 2. The most eﬀective
transient corrective function is air pass control. A part of the ECU function regarding EGR valve control
and VGT control that acts similar to the actual ECU is included in the simulation environment. Figure
8 shows the emulated ECU function behavior. In addition, the desired device input values of EGR valve,
low pressure EGR valve, throttle valve, and VGT are calculated by using sensor signals from plant model.
High-pressure EGR values are used only to compensate for a delay of low pressure EGR mass ﬂow in
transient situations [2].

5

Optimization results

Figure 9 shows the optimized basic map. Black dots are optimized grid points, and there are 110 points
that cover the whole engine speed and the torque of NEDC and WLTC. The number of grid points should
be minimized to reduce the calculation eﬀort. In this paper, the calibrated area on the map is limited in
the NEDC and WLTC operation areas. The collected data should cover the area to be calibrated, and
the proposed basic idea does not use extrapolation. It took about 60 h to acquire a feasible solution,
and there were 8029 simulations needed. In this study, the gradient constraints in (9) and (10) were
imposed on the respective design variables. The main injection should monotonically increase along
engine speed, and the boost pressure and air mass ﬂow should also monotonically increase along engine
torque. In addition, the injection pressure should monotonically increase along engine speed and torque.
These gradient constraints are based on modern diesel engine combustion concepts. The smoothness
constraint in (14) was imposed on design variables except for main injection timing. Injection timing can
be controlled to arbitrary target always. In contrast, injection pressure, boost pressure, and air mass ﬂow
have dynamics, and the smooth diﬀerence on the map is preferred in terms of engine sound feeling. The
optimized map satisﬁed the gradient and smoothness constraints, and minimized the cost function.
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Figure 9 (Color online) Optimized map. (a) Main injection timing; (b) injection pressure; (c) boost pressure; (d) air
mass ﬂow.
Table 2

6

Speciﬁcations of diesel engine

Item

Speciﬁcation

Engine

Inline 4-cylinder DOHC

Bore × stroke

ϕ 76 × 88 mm

Displacement

1597 cm2

Compression ratio

16.0

Max. torque

300 Nm / 2000 rpm

Max. power

88 kW / 4000 rpm

Common-rail fuel injector

Solenoid (Max.180 MPa)

Turbocharger

Single VGT

EGR system

HP hot EGR and/or LP cooled EGR

Experimental results

Basic map generated using optimal calibration scheme was validated in an engine experimental test.
The experiment was implemented with the mass production diesel engine in the transient test bed.
Table 2 shows the engine speciﬁcations. In the transient test bed, the driver torque demand is controlled
according to the target vehicle speed from the road load simulator. In addition, the engine speed, torque,
and emissions are measured. In this study, pilot injection quantity and timing are predeﬁned, and the
HP-EGR valve moves to compensate for the LP-EGR delay. Figures 10 and 11 show the experimental
results using the optimized map, the simulation results of the optimizer, and the diﬀerences between both
results as the error.
Overall, the simulation result shows good predictive accuracy. The simulation result shows that the
combination of the dynamic empirical model and the ECU transient correction is eﬀective for calibration.
In some places, the error value is slightly large (e.g., 1200−1300 s in Figure 11). As mentioned in
Subsection 4.1, the side constraint values of the design variables are upper and lower limits in the boundary
ﬁnder. Therefore, optimized variables might be outside the 95% conﬁdence interval of the empirical model.
In this study, to keep the calculation eﬀort for optimization to a feasible time, it could not be veriﬁed
whether the variables were in the 95% conﬁdence interval. Considering arbitrary conﬁdence interval as
the constraint is one policy for higher accurate simulation. Figures 10 and 11 include emulated ECU
transient function contrary to Figure 7. The ECU simulation has a role in converting target values
from basic map to actuator demand. Therefore, simulation accuracy of ECU is important. In industrial
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Figure 10 (Color online) Experiment and simulation of optimized map (NEDC). (a) Measured, predicted and error of
NOx emission; (b) measured, predicted and error of soot emission; (c) measured, predicted and error of CO emission;
(d) measured, predicted and error of fuel mass ﬂow; (e) vehicle speed.
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Figure 11 (Color online) Experiment and simulation of optimized map (WLTC). (a) Measured, predicted and error of
NOx emission; (b) measured, predicted and error of soot emission; (c) measured, predicted and error of CO emission;
(d) measured, predicted and error of fuel mass ﬂow; (e) vehicle speed.
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practice, the easy construction of ECU simulation environment is also necessary.

7

Conclusion

The dynamic empirical model and ECU transient corrective function that express transient behavior
accurately are introduced in practical diesel engine calibration. For steady-state and slow acceleration
driving such as NEDC, the conventionally steady-state empirical model is used. However, for transient
driving such as WLTC, the dynamic empirical engine model is necessary. Using accurate simulation
environment and a cost function of accumulated emissions and constraints make it possible to automatically calibrate an optimal basic map. In addition, this calibration scheme is eﬀective in shortening the
calibration time.
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Nomenclature
Table A1

Nomenclature

Item

Description

APRBS

Amplitude modulated pseudo random binary sequences

BTDC

Before top dead center

DPF

Diesel particulate ﬁlter

DOHC

Double overhead camshaft

EAT

Exhaust gas after treatment system

EGR

Exhaust gas recirculation

ECU

Electric control unit

GPR

Gaussian process regression

HP-EGR
ICE
k
LP-EGR
MBC

High pressure loop exhaust gas recirculation
Internal comubustion engines
Discrete time step index
Low pressure loop exhaust gas recirculation
Model based calibration

N

Row length of map

n

Row index of map

NARX

Non-linear autoregressive exogenous model

NEDC

New European Driving Cycle

M

Column length of map

m

Column index of map

RDE

Real driving emissions

Te

Engine torque (Nm)

TNEDC

discrete time index at the last of NEDC

TWLTC

discrete time index at the last of WLTC

u
VGT
WLTC

Design variable
Variable geometry turbocharger
worldwide harmonized light vehicles test cycles

ω

Engine speed (rpm)

δt

Discrete sampling time (s)

ρ

Weighting factor

