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Sparse Identification and Nonlinear Model Predictive Control for Diesel Engine

Air Path System

Shuichi Yahagi*, Hiroki Seto, Ansei Yonezawa, and Itsuro Kajiwara

Abstract: This paper presents a sparse identification of nonlinear dynamic systems (SINDy) for a diesel engine air
path system and nonlinear model predictive control (NMPC) with the SINDy model to attain good control
performance. The air path system control is well known as a challenging problem, and many studies have been
presented such as traditional model-based control design and machine learning. However, these conventional
approaches still have some difficulties including the control performance and design costs. In this paper, we obtain
the model of the air path system in a data-driven manner using the SINDy algorithm and construct the offset-free
NMPC with the SINDy model. SINDy is a suitable modeling method for controlling a complicated air path system,
owing to its characteristics of high computational efficiency, high learning efficiency, high modeling accuracy, and
applicability to complex systems. Additionally, NMPC provides high control performance under constraints. The
proposed offset-free NMPC with the SINDy model is verified through the simulations. The results show that the
coefficient of determination of the SINDy model provided over 90%, and the controller performance of the NMPC
was better than that of the traditional robust controller and satisfied the constraints.

Keywords: Air path system, Diesel engine, Model predictive control, Sparse identification.

1. INTRODUCTION

Studies on model-based control have been actively
conducted in the automotive and control fields. In model-
based control, the controller is designed based on a
mathematical model. Thus, the controller performance
depends on the accuracy of the model. Traditional system
identification, including the ARX model and Numerical
Algorithms for State Space Subspace System
Identification (N4SID) [1], is highly effective for linear
systems. However, system identification for industrial
systems with strong nonlinearity is a challenging problem,
making it difficult to control complex industrial systems.
To address this problem, data-driven control which
actively uses data has been proposed in recent years [2].
Data-driven control can be broadly divided into two types.
One is a direct method that designs a controller without
modeling the controlled object, and the other is an indirect
method that designs a controller using a model obtained
from data-driven modeling. As direct methods, virtual
reference feedback tuning (VRFT) [3], fictitious reference

iterative tuning (FRIT) [4], and correlation-based tuning
(CbT) [5] have been proposed. These methods are useful
for industrial systems and many applications have also
been progressing [6]-{12]. On the other hand, modeling is
still essential in terms of preliminary consideration before
implementing controllers and the use of knowledge of
conventional model-based control designs. Therefore,
there is a high demand for design methods that use plant
models (i.e., indirect methods).

Various data-driven modeling studies have been
conducted for controlled targets whose physical modeling
is difficult [2], [13]. Conventional machine learning
approaches, including deep learning and reinforcement
learning, have been proposed to achieve the desired
control over such complex systems. Nevertheless,
computational and learning costs are problematic. To
solve this problem, various methods have been examined
in the field of data-driven science, such as dynamic mode
decomposition (DMD) [14], [15], Koopman analysis [13],
[16]-[18], and sparse identification of nonlinear
dynamical systems (SINDy) [19]. Especially, SINDy
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features sparse modeling which suppresses overfitting and
reduces computational costs [20]. Furthermore, it has been
shown to have a lower computational load than neural
networks and higher modeling accuracy than DMD.
Owing to these characteristics, SINDy is known to be
compatible with model predictive control [21], which
achieves desired control with satisfying constraints by
performing optimization in real-time [22]-[26].

Previous literature about applications of SINDy has
shown that SINDy is highly effective for nonlinear multi-
input multi-output (MIMO) systems like Lorenz equations
and susceptible-exposed-infectious-removed epidemic
models. Furthermore, applications to industrial systems
have also been considered. To date, SINDy has developed
chemical process models, including a continuous stirred
tank reactor [27], distillation column [28], hydraulic
fracturing [29], and isothermal batch reactor [30]. In
addition to chemical processes, SINDy-based algorithms
have also been applied to fluid dynamics [19], physics
[31], and biology [32] to obtain the governing equations
and dynamical systems [19], [21], [33], [34]. However,
there are few examples of its application to industrial
products including automotive systems. In this paper, we
examine the applicability of the SINDy algorithm to the
intake and exhaust system of a diesel engine, which is
known to be a complex MIMO system with strong
nonlinearity. Since achieving the desired control is a
challenging issue for such a system, various controller
design methods have been proposed [35]-[39]. In this
study, we model the intake and exhaust system of a diesel
engine using SINDy and use the obtained nonlinear
differential equation to apply nonlinear model predictive
control (NMPC). The application of SINDy to intake and
exhaust systems of diesel engines has not been studied, to
the best of our knowledge. The contributions of this paper
are summarized as follows:

. SINDy is applied to the intake and exhaust system
of a diesel engine, known as a complex MIMO
system. To the best of the authors' knowledge, the
proposed approach has not previously been
conducted on the diesel engine, and this study
provides new insights for researchers and
practical engineers.

. NMPC with the prediction model obtained by
SINDy is constructed. Additionally, an offset-free
NMPC is realized by introducing an augmented
system with a variable of integral error between
target and response to reduce the steady-state
error.

We describe the structure of this paper. Section 2
explains the intake and exhaust system of the internal
combustion engine, which is the controlled object. In data-
driven modeling, a model is created from data, so we will
omit detailed explanations of physical formulas and limit
ourselves to an overview of the system. Section 3
describes SINDy, which is one of the data-driven
modeling methods, for the diesel engine air path system.
In Section 4, we will build an offset-free NMPC that can
reduce steady-state error. In Section 5, we compare the
proposed method with the conventional one through
simulation. Section 6 provides a summary of this paper.

2. AIR PATH SYSTEM OF DIESEL ENGINE

The control target is the intake and exhaust system of
the 4-cylinder diesel engine shown in Fig. 1. This system
has an exhaust gas recirculation (EGR) system and a
variable geometry turbocharger (VGT). EGR has the role
of appropriately adjusting the oxygen concentration taken
into the cylinder. By mixing exhaust gas containing lean
oxygen with fresh air, the oxygen concentration is kept
low. This reduces the peak temperature during
combustion and suppresses the amount of harmful
nitrogen oxides that are often produced at high
temperatures. VGT has the role of appropriately adjusting
the pressure inside the intake manifold. When the movable
vane spacing is narrowed, the flow path is narrowed and
the flow velocity increases, resulting in a supercharging
effect can be obtained from low rotation speeds. In the
high rotation range, the vane spacing is widened to allow
the exhaust to flow more easily. Next, we explain the flow
of gas. Fresh air drawn in from outside is compressed by
a compressor, cooled by an intercooler, then passes
through the intake throttle and flows into the intake
manifold. Gas that passes through the EGR valve also
flows into the intake manifold. The oxygen concentration
in the gas inside the intake manifold is controlled by
operating the EGR valve. Gas in the intake manifold flows
into the cylinder, and after combustion, the gas is
discharged to the exhaust manifold. The gas that leaves
the exhaust manifold is divided into two paths: one is
recirculated through the EGR cooler, and the other is the
exhaust gas through the turbine. The gas after combustion
passes through the exhaust manifold and operates the
turbine. Then, the state of the turbine rotation speed is
controlled by manipulating the turbine vane angle. This
EGR system is called high-pressure EGR, and it is a
mechanism that returns relatively high-temperature gas
from upstream of the turbine to the intake manifold.

For this system, we aim to control boost pressure and
EGR rate by manipulating the VGT vane and EGR valve
under the various operating points (fuel injection amounts
and engine speeds). However, there are issues such as
nonlinearity and actuator constraints, strong interference
in the air path between the EGR and VGT, and
characteristics that vary depending on operating
conditions. Thus, many studies of the air path system
control have been conducted [35], [36], [39], [40]. In this
study, we adopt data-driven modeling, so explanations
regarding physical modeling will be omitted. For details,
refer to reference [41].

Fresh air ] { Exhaust gas

Compressor Turbine

Turbo Charger

Inter cooler

Intake throttle

Exhaust

Intake ‘manifold

manifold

Fig. 1. Air path system of diesel engine.
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3. SPARSE IDENTIFICATION

3.1. SINDy with control input

SINDy with control input has been proposed as a data-
driven modeling method for nonlinear systems. SINDy
has desirable features for practice, including high
computational efficiency, high learning efficiency, high
modeling accuracy, and applicability to complex systems.
Herein, we explain SINDy with input based on literature
[21], [34]. Consider the following nonlinear dynamic
system with the control input:

z(k+1) = f,(x(k),u(k)) (1)
where  f:R™ x R!' - R™ is a smooth nonlinear
function, xz(k) = [z,(k) x4(k) z, (k)T € R"”
is the state vector, u(k) =
[ug (k) uy(k) u, (k) ]7 € R' is the control input

vector, and t, = kAt. Then, the snapshot data X €

R™" and I" € R™*! for the length of data, m, are
given as

— xT(l) —
X — ’7—1' (2)—“ G]Rmxn7 (2)
L— xT'm) —J
_ IT(Q) —
X+ _ - ZZTT:(3> - c ]Rmxn, (3)
2Tt 1)—
— uT(l) —
I = ’7— ’U,T:(Q) — | e Rmxl' (4)
L— uT.(m) —J

Introducing the basis function ©,: R™*" x R™* —
R™*P which is called library or dictionary, the dynamics
can be expressed as

Xt =0,(X,I)=, (5)

where = € RP*" is a coefficient matrix give as

I
== [gl & - & | e RO (6)

I
The various basis function ©,(X,I") can be selected by

a user. For instance, the basis function ©,(X,I") is set
as

6,X,IN=[1 X I XX X®T

sin(X) sin() sin(X®X) sin(X®I) -, (7)

where ® represents the Kronecker product and X ® X
is second order cross-term, given by

X®X
B1) mapl) - 31 - ()
_ @@ sm@ - B - 220
Bm) way(m) - adm) - ad(m)

Furthermore, by adding a regularization term to suppress
overfitting and compress data, the following optimization
problem is obtained:

§; = arg HéinHX? —OX, D)E 3 + Mol&ilo  (9)

where & represents the i-column vector of =, X;
represents the 4-column component of X and ),
represents the sparsity-promoting hyperparameter that is
tuned through an experiment to result in the best
estimation of the dynamics. In this optimization problem,
a sparsified coefficient vector §; is obtained by LASSO
(least absolute shrinkage and selection operator)
regression [42] or STLS (sequentially thresholded least-
squares) [16]. Using the obtained coefficient matrix =,
the dynamic system is described as

T
w(k+1) = =T (19]0 (27 (k), uT(k))) . (10)

where  J,: R" x R! — RP? is the vector function

corresponding to the matrix function ©,, given as

ﬁp('rT5 u') =01 27 T 2T@2T 2T @uT
sin(zT)  sin(u?) sin(z? ® 2T)
sin(zT @ uT) - |. (11)

3.2. SINDy for air path system

Based on the explanation in Section 2, the input-output
relationship of the intake and exhaust system is
summarized (see Table 1). The states =, and x, are the
intake manifold pressure (boost pressure) [kPa] and EGR
rate [%], respectively. The inputs u; and wu, are the
VGT vane closure [%, closing] and EGR valve opening
[%, opening], respectively. Fuel injection volume [mm?/st]
and engine speed [rpm] are signals determined by the
driver's operation and are defined as exogenous inputs d;
and d,, respectively. It is noted that the output y is the
same as the state vector x, which is measurable.
Therefore, a dynamic system with the exogenous input is
given as

o(k+1) = f(2(k),u(k),d(k)), (12)
y(k) = h(z(k)) = z(k), (13)
where f: R” x R' x R? — R" and h: R® — R"™ are
smooth nonlinear functions, and d(k) =
[dy (k) dy(k) d,(k) T € R? is the exogenous
input vector. The snapshot data D € R™*9 is given as
—dT(1) —
T

D=|" T @)= cpme, (14)

— dT(m) —

As in the previous section, if we set the basis function
O: R™" x R™ ! x R™*9 — R™*P with the snapshot
data D added to (7), the dynamics can be expressed as

X+ =0(X,I',D)=. (15)

As in (9), the optimization problem is given by
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§ = arg Hgnl\Xf — O(X, I, D)5 + Aol€illo - (16)

Using the coefficient matrix = which is a decision
variable, the dynamic system is described as

(k) dT(R) (A7)

where ¥: R" x R' x R — RP is a vector function
corresponding to the matrix function ©.

Table 1. Parameters.

Variable Description Unit
X1 Boost pressure Pa
X2 EGR rate %
u1 VGT vane %
u2 EGR valve %
d Fuel injection amount mm>/st
d> Engine speed rpm

4. CONTROLLER DESIGN

Herein, we construct the NMPC with SINDy model. In
addition, an augmented system in which the integral of the
deviation e is added to (17) to remove the steady-state
error is introduced as follows:
= T T T T
{<k+n ET(OET )T, dTR))
e (k+1) = e™ (k) + (r(k) — (k)

Based on this equation, the optimization problem of the
proposed offset-free NMPC is given by

min J, (19)
u(0),u(1),u(H,)

H,—1
J = Z [r(k) = 2(k + )5 + e (k + )3,
i=0
Hulk + )%, +1Auk+i)l%, (20)
subject to

{ (i +1) = ZT(9(27 (i), uT (i), d ( )))T
em(i+1) = e (i) + (r(k) — x(i )) "(0) =
< i=0,...,H,—1

,Hp 1 (21)
=u(i) —u(i—1); r is target value; Q,

Upyin < U(1) < Upygs
u(i)=u(H,),i=H,, ...
where Aw(7)

Q.,R,,and R,, are positive definite diagonal matrices,

and are the weights for the deviation, the integral of the
deviation, the control input, and the amount of change in
the control input, respectively; HOHE2 represents the
weighted 2-norm of @, defined as [z|3 = 2" Qz; H,
and H, are the prediction horizon and control horizon,
respectively. The solver uses Sequential Quadratic
Programming (SQP). Note that in MPC, the first control
input «(0) obtained by solving the optimization problem
is used as the control input.

5. SIMULATION RESULTS

5.1. Data acquisition and modeling

The plant model of the air path system is a mean value
model constructed in MATLAB/Simulink. The frequency
characteristics under various operating points are shown
in Appendix A. Herein, the one-step prediction is defined
as

{(k:+1) =T <19(a:T(k),uT(k),dT(k)))T, 22)
y(k) = h(z(k))

where ¢ is the predicted value of y. In the one-step
prediction, given the data at time step k, the state at time
step k+ 1 is predicted. The long-term prediction is
defined as

{ﬂk+n—5T@@%mﬂWMJ”@UT (23)
(k) = h(z (k)

with Z(0) = x(0). In the long-term prediction, given the
inputs at time step k and the initial state, the state over
time step k + 1 is predicted. Even if the accuracy of the
one-step prediction is high, that of long-term prediction
may not necessarily be good because the optimization
problem evaluates only one-step prediction (see Table 2
and Table 3 indicated below). Fig. 2 shows the learning
data acquired for modeling the air path system and the
predictive data computed from the SINDy model. Fig. 3
shows the detail of Fig. 2. It is noted that the predicted
data are the long-term prediction, not the one-step
prediction. In the figures, vy, Yy, €1, €9, Uy, Uy, di,
and d, are intake manifold pressure, EGR rate,
prediction error of boost pressure, prediction error of EGR
rate, VGT valve, EGR valve, fuel injection amount, and
engine speed, respectively. The dotted lines represent the
predicted values, and the solid lines represent actual
values. Signals of VGT vane closure, EGR valve opening,
fuel injection amount, and engine speed generated by
Design of Experiments (DoE) using the Sobol quasi-
random number method are applied to the plant, and the
intake manifold pressure and EGR rate are obtained. The
sampling period is 0.01 s, and the number of sampling
points is 5 x 10°. The basis function was set to a second-
order polynomial. We use STLS algorithm [16] to solve
the optimization problem (16). In STLS, A, called the
sparsification knob, is wused as the parameter
corresponding to A,. Table 2 and Table 3 show the
coefficient of determination R? of the one-step and the
long-term predictions for multiple A, respectively. The
coefficient of determination R? of z € R is defined as

SN (2(k) - £(k))”
YN k) —22

where Z and Z are the predicted and the mean values of
z, respectively. The metric value, R2, is close to the unit
when the accurate model is obtained. The negative value
of this metric means that the model has a low accuracy
[43]. In general, when the value is over 90%, R? is
acceptable in an engineering perspective [44]. Table 4
shows the number of nonzero elements of the coefficient

R2=1-

(24)
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matrix =. From Table 2, the R? values of the one-step
predictions are more than 0.99 for the intake manifold
pressure and EGR rate. From Table 3, R? of the long-
term predictions depends on A. Note that the negative
value in the table means that the obtained model has low
accuracy [43]. When X is 1 x 107°, the predicted
response is unstable due to overlearning. When A is 4 x
1073, prediction accuracy is low. This is because the
identified model became too sparse to express the
nonlinearity of the system. From the results, A = 2 x
1073 is suitable. It can be confirmed that highly accurate
modeling is achieved using SINDy. We also confirmed
that the obtained SINDy model provides a good prediction
for 2500 s dataset with different learning data. This data
was generated by random signals. The R? values of
long-term prediction for the intake manifold pressure and
EGR rate are 0.952 and 0.983, respectively. Fig. 4 shows
the identified coefficient matrix when A =2 x 1075, The
white parts in the figure indicate zero, which means the
identified coefficient matrix is sparsified due to SINDy
modeling. From the figure, we can see the elements of the
library (i.e., basis function) that are of high importance for
creating this model. Considering the figure from a
controller design perspective, the visualization of the
coefficient matrix shows the effect of linear coupling is
strong. This is also implied by the fact that a linear-time
invariant (LTI) control designed using the linearized
model can be applied to the air path system, as described
in the next subsection. On the other hand, the visualized
coefficient matrix shows the air path system is essentially
nonlinear since the many nonlinear elements of the library
do not indicate zero. This leads to limitations in the
performance of the LTI controller. Therefore, it is
essential to introduce the nonlinear controller to achieve
high control performance of the diesel engine air path
system, and the NMPC has been presented in Section 4.

al

Table 4. The number of nonzero elements of =.

A [x 1079
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Table 2. R? of one-step prediction.

A [x107] % Yo
0.1 0.999 0.999
1 0.999 0.999
2 0.999 0.999
3 0.999 0.999
4 0.999 0.999

Table 3. R? of long-term prediction.

A 107 % Ys
0.1 unstable unstable
1 0.9278 0.9810
2 0.9384 0.9823
3 0.9205 0.9822
4 —-12.03 0.8772

Fig. 2. Learning data and predictive accuracy. y,: boost pressure
[kPa], y,: EGR rate [%], e,: prediction error of boost pressure
[kPa], e,: prediction error of EGR rate [%], u,: VGT vane [%,
closing], u,: EGR valve [%, opening], d,: fuel injection
amount [mm?/st], d,: engine speed [rpm].

2500 2550 2600 2500 2550 2600

100 100

S 50 Y 50

0 0
2500 2550 2600 2500 2550 2600

100 3000

2000

5 50 <

1000

0 0
2500 2550 2600 2500 2550 2600

Time [s] Time [s]

Fig. 3. The detail of learning data and predictive accuracy. y:
boost pressure [kPa], y,: EGR rate [%], u,: VGT vane [%,
closing], u,: EGR Valve [%, opening], d : fuel injection
amount [mm?¥/st], d,: engine speed [rpm].
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Fig. 4. Visualization of identified coefficient matrix = (A = 2
x 107%).

5.2. The performance of NMPC

Fig. 5 shows the results of applying NMPC. Table 5
shows the setting of the design parameters. In addition,
results of the LTI H,, control are also shown to confirm
the validity of the NMPC performance. In the figure, the
broken lines represent the target value, the solid lines
represent the proposed offset-free NMPC, and the dotted
lines represent the H, control. The H, controller was
designed from a linear model derived at multiple
operating points (81 points in total) by setting one
operating point as the nominal model and the other
operating points as multiplicative uncertainties with
respect to the nominal model. The order of the controller
is 10. From the figure, we can see that NMPC achieves
good control performance with small steady-state errors.
Table 6 shows the MSEs of the offset-free NMPC and LTI
H__ controllers. MSEs for the boost pressure and EGR
rate under NMPC are 3.35 and 1.05, respectively. MSEs
for those under H_, control are 11.5 and 1.24,
respectively. Thus, it can be confirmed that the offset-free
NMPC provides higher control performance than LTI
H__ control. Next, in order to confirm whether the
actuator constraints were satisfied, a simulation was
performed under the different conditions of the exogenous
inputs (i.e., fuel injection amount and engine speed). The
results are shown in Fig. 6. Checking the VGT vane signal
(u;) around 80 s, it is confirmed that the VGT vane
satisfies the actuator constraint without exceeding 100%.

Table 5. Design parameters.

Parameter Value
H, 30
H, 3
(0] diag (20, 20)
Qe diag (0.5, 1.0)
Ry diag (0.001, 0.001)
R diag (500, 1000)

— = = Reference NMPC+SINDy  =«======* Hinf+PhysicaImodeI]
140 80
60
< 40
20
0
20 40 60 80 100 120 0 20 40 60 80 100 120

0 20 40 60 80 100 120 0 20 40 60 80 100 120
55 2400
2200
50
o < 2000
45
1800
40 1600
0 20 40 60 80 100 120 0 20 40 60 80 100 120
Time [s] Time [s]

Fig. 5. Time-series data of NMPC and H__ control. y,: boost
pressure [kPa], y,: EGR rate [%], u,: VGT vane [%, closing],
u,: EGR valve [%, opening], d,: fuel injection amount [mm?/st],
d,: engine speed [rpm].

Table 6. MSEs under the NMPC and LTI controllers.

MSEs
Controller
Boost pressure EGR rate
Offset-free NMPC 335 1.05
LTI Hx controller 11.5 1.24
[= = = Reference NMPC+SINDy |
140 80
-1 60
120 " 1
= 40
100 | ‘
20
80 0
0 2 40 60 8 100 120 0 2 40 60 8 100 120
60
100
80 2
— 60 o~
=] =]
40 2
20
0 0
0 2 40 60 8 100 120 0 2 40 60 8 100 120
45 3200
3000
40
S < 2800
35
2600
30 2400
0 20 40 60 80 100 120 0 20 40 60 8 100 120
Time [s] Time [s]

Fig. 6. Time-series data of NMPC to confirm actuator constraint.
y,: boost pressure [kPa], y,: EGR rate [%], u,;: VGT vane [%,
closing], wu,: EGR valve [%, opening], d,: fuel injection
amount [mm?/st], d,: engine speed [rpm].
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5.3. Discussion

We investigated the effectiveness of the offset-free
NMPC with the predictive model identified via SINDy for
the diesel engine air path system, known as the nonlinear
and complicated system. First, we applied the SINDy to
the air path system, and accurate modeling was realized.
The long-term prediction was examined in addition to the
one-step prediction. Since the optimization problem (16)
is based on the one-step-ahead evaluation, the long-term
predictions may become low-accurate if the learning data
is not rich enough. This paper considers the air path
system of the MIMO complex nonlinear system; thus, the
collected data may not be rich enough to create a data-
driven model. Therefore, it is important to confirm the
long-term prediction. In the simulation, R? values of the
outputs (boost pressure and EGR rate) under long-term
predictions were over 90% when A is appropriately
selected (see Table 3). Note that over 90% of R? is an
acceptable value for many applications [44].
Additionally, we obtained the coefficient of the basis
function (i.e., library) with a large influence on predictions
from sparse identification results (see Fig. 4). Next, we
constructed the NMPC with the prediction model obtained
by SINDy. The augmented system (18) was also
introduced to realize offset-free NMPC to remove steady-
state error. The proposed NMPC (19) — (21) realized non-
steady state error and actuator constraints under different
operation conditions (see Fig. 5 and Fig. 6). Additionally,
the NMPC provided better performance than the model-
based LTI H_, controller which was designed using the
nominal model with uncertainties (see Fig. 5 and Table 6).
Specifically, the MSEs of the boost pressure under the
proposed and conventional controllers are 3.35 and 11.5,
respectively. The MSEs of the EGR rate under the
proposed and conventional controllers are 1.05 and 1.24,
respectively. Therefore, it can be confirmed that the
proposed controller outperforms the conventional one.
Note that the traditional model-based controller used in
this simulation was designed by assuming that the
physical mode is fully known. In the practical situation,
the model-based design requires an accurate physical
model; however, it is not easy to obtain an accurate
physical model for nonlinear MIMO systems such as the
air path system. On the other hand, NMPC with SINDy
can be designed from only data under the condition that
the plant model is unknown. From this perspective, the
proposed data-driven method is superior not only in terms
of control performance but also in terms of design cost
compared to conventional model-based control design.

5. CONCLUSION

This paper has proposed an offset-free NMPC with the
SINDy model, which is a novel data-driven approach, and
applied it to the diesel engine air path system. In the
system modeling, we introduce SINDy, which is one of
the data-driven approaches, instead of physical modeling
since SINDy provides high computational efficiency
compared to neural networks and high modeling accuracy
compared to physical modeling. The sparse model with
low computational cost also leads to high compatibility
with NMPC. In the NMPC design, we introduce offset-

free NMPC to remove the steady-state error by adding the
variable of integral error to the model obtained by SINDy.
The simulation results revealed that SINDy provided a
highly accurate sparse model, i.e., the R? values of the
boost pressure and the EGR rate are over 90%, and NMPC
performance outperformed the conventional model-base
controller. To the best of the authors' knowledge, the study
on NMPC with SINDy for diesel engines has not
previously been conducted, and this study provides new
insights for researchers and practical engineers. In the
future, we will consider comparisons with other data-

driven approaches such as Koopman modeling.
Additionally, an experimental validation will be
conducted.

APPENDIX A

We show the frequency characteristics instead of
physical modeling. Fig. 7 depicts the frequency responses
of the simulation model of the diesel engine air path
system under various operating points (81 points in total)
as shown in Table 7. From the figure, we can see that the
diesel engine air path system is a complex MIMO system
with strong nonlinearity. It is noted that the frequency
characteristics are obtained by linearizing the original
nonlinear system used in the simulation; thus, the original
simulation model is more complicated than the linearized
frequency characteristics.

Table 7. Operating points.

Parameter Values
VGT vane [%] 0 50 100
EGR valve [%] 0 50 100
Engine speed [rpm] 1000 2000 3000
Fuel injection
amount [mm?/st] 10 >0 %0

Magnitude of y1 [dB]

Magnitude of y2 [dB]

107 102 10° 102 10*107 107 10° 10% 10

Frequency of ul [Hz] Frequency of u2 [Hz]

Fig. 7. Frequency characteristics of diesel engine air path system
under various operating points.
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