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Abstract: Model based control with physical models are proposed as an alternative to conventional control
methods to improve engine performance under real driving conditions including various transient condition.
Even if models are built based on physical rules, the models still have several parameters which is desirable
to adapt in real time according to driving condition. Therefore, the authors developed an online automatic
adaptation method for model-based control of diesel engines, which is based on neural networks. The
predictive accuracy of the adapted model has been evaluated by simulation, and the performance of the
feed-forward controller based on the model is evaluated by experiment under actual engine.
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1. INTRODUCTION

The PCCI (Premixed Charge Compression Ignition)
combustion method for diesel engines can be described as an
advanced combustion technology that applies the rapid
reaction of premixed air and fuel. Due to premixing, the fuel
density in PCCI combustion is lean, so the combustion
temperature is kept low. Therefore, it can be expected to
improve thermal efficiency and suppress NOx, and inhibit the
generation of PM as it can avoid fuel richness by premixing.
Although PCCI combustion has the advantages mentioned
above, its robustness is low due to its high sensitivity to in-
cylinder gas composition and gas state. Therefore, the gas
state in the cylinder must be considered to stabilize and
control ignition and combustion. The in-cylinder gas,
however, consists of fresh air, EGR (Exhaust Gas
Recirculation) gas, residual gas, etc., and these gasses change
depending on operating conditions and ambient conditions. In
order to execute PCCI combustion by current map control
method based on huge number of experiments, it requires
enormous man-hours and costs to consider every gas states
one by one.

Also, the RDE (Real Driving Emission) test method where
exhaust gas is measured while actual driving on a public road
has already been implemented in Europe and other countries
such as Japan are also considering to adopt it. As the RDE test
method verifies in more complex driving scenes, the range of
operation of the engine under evaluation has also been
expanded. However, current control maps are constructed
considering specific driving modes, and it is difficult to adapt
a map that takes into account all actual road driving scenes.

As an alternative to map control, Model-based control has
attracted a lot of attention in recent years as a new method of
engine control, since this method is expected to implement
advanced combustion technology and enhance the
performance in various driving scenes. Model-based control
in the engine calculates control inputs and executes control in
real time by the control model installed in an ECU (Engine
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Control Unit). As control inputs are calculated in each cycle
by the control-oriented model considering operating
condition in real time, adequate control can be performed, and
improvement of performance in transient operation can
therefore be expected.

For the model-based control, the engine control-oriented
model can be divided into statistical and physical models. In
general, statistical models are based on statistics or system
identification (Makowicki et al., 2017), but physical models
are built on the basis of the laws of physics (Jade et al., 2015),
making them more versatile than statistical models, enabling
them to cope with various driving scenes or other engines.
Since it is assumed that the control-oriented model is installed
in the ECU, considering the specification of the ECU, a
control model of a small computational load is required. Ravi
et al. have proposed a discretized model of the HCCI engine
that expresses in-cylinder pressure history in one cycle by
several feature points in one cycle based on physics. This
model has a light computational load and is used for the
design of controller (Ravi et al., 2010). The authors have
developed a discretized model for diesel engines that
performs multistage injection by applying the cycle
discretization method (Yamasaki ef al., 2019a). Also, based
on this model, the authors have succeeded in designing and
controlling multiple input and multiple output feed-forward
controllers in diesel engines (Yamasaki ef al., 2019b). Even
though the model is based on physics, it has several
parameters that need to be adapted. In order to improve
control accuracy, it is necessary to adapt these model
parameters for each operating condition and engine.

For this purpose, an automatic adjustment method that
updates the values of model parameters according to the
operating conditions during operation has been studied. A
method for adapting model parameters to different driving
conditions using a non-linear least square method has been
proposed (Grasreiner et al., 2017), but its performance in
transient operation has not been validated and online
applicability has not been confirmed either. Eguchi et al.
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performed online feedback error learning of a FF (Feed-
Forward) controller based on a neural network and
automatically adapts controller parameters (Eguchi et al.,
2018), but the FF controller used is based on neural network
and not physics, so the versatility of the controller is weak.
The authors proposed online automatic adaptation method by
neural network for PCCI combustion control which is based
on physical-rich combustion model, its availability was only
conducted in simulation (Cao et al, 2019). In addition,
recently neural network is paid attention for several
application, for engine application such as optimal control of
VGT, EGR systems, etc. (Zarghami, et al., 2017; Hu et al.,
2019) and its utilization is getting wider.

In this paper, the availability of the model based control
system for advanced diesel combustion with our automatic
adaptation algorithm based on neural network is evaluated by
engine experiment.

Followings are the main contents of this paper. First,
experimental set up and control-oriented model for online
adaptation are explained. Next, online adaptation algorithm
for the control-oriented model based on our previous research
is explained and its advantage is validated in simulation.
Finally, control experiment by FF controller based on the
control-oriented model with the online adaptation algorithm
was carried out and its availability was evaluated.

2. EXPERIMENTAL SETUP

The experimental system in this study is same as our previous
research (Takahashi et al., 2018). The overall engine system
is shown in Fig.1. The engine used in this study is an inline 4-
cylinder diesel engine, its displacement is about 2.8L. A
common-rail injection system, a variable geometry
turbocharger (VGT) and an external exhaust gas recirculation
(EGR) system are equipped. A rapid prototyping system
(MicroAutoBoxIl, dSPACE) with a default ECU is used to
measure and control the injection condition and the air path
condition. An in-cylinder pressure sensor and a rotary
encoder are attached for the analysis of combustion states, and
the pressure signal is recorded by a combustion analyser
(DS3000, Onosokki) with the pulse of the rotary encoder.
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Fig. 1 Engine system (Takahashi et al., 2018)
3. TARGET ENGINE CONTROL MODEL

In this chapter, the control-oriented engine model for
automatic adaptation is described. This model has been
developed for multiple fuel injections with advanced diesel
combustion by the authors and the model is based on physics
while including several static models (Yamasaki et al.,

2019b). In addition, the model was used as a FF controller, to
design a FB controller, and transient operation control
succeeded with developed controllers by the test engine. In
this paper, the FF controller based on the control oriented
model developed by the same concept as our previous works
(Yamasaki, et al., 2019 a, b; Takahashi ez al., 2019) applying
automatic adaptation is installed to the test engine and its
availability is evaluated in experiments. The structure of FF
controller is shown in chapter 6.

3.1 Model description

The combustion modelled in this paper is a premixed
combustion with an injection amount of less than 30 mm? per
cycle for PCCI combustion, because PCCI combustion is
mainly used in low load condition. Fig. 2 shows the history of
in-cylinder pressure and heat release rate (HRR) for one cycle
of the target combustion. Pilot injection, pre injection, and
main injection are executed in one cycle. First HRR peak is
the pre HRR peak that appears after pilot injection and pre
injection. Second one is the main HRR peak after the main
injection. In this type of premixed combustion, high EGR rate
results in a long ignition delay, then fuel and air is well mixed
before ignition. In addition, when two heat releases, of which
interval and peak values, are well controlled, such heat release
profiles realize low combustion noise while maintaining high
thermal efficiency as well as low emission (Fuyuto et al.,
2014).

Instead of predicting a complete histories of in-cylinder
pressure and/or heat release rate, only a few features are
calculated in the control-oriented engine model. Those feature
points are shown as red dots plotted in Fig. 2, and the
abbreviation of definitions for the feature points are shown in
Table 1.
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Fig. 2 History of in-cylinder pressure and heat release rate
(black lines) and discretized points of the combustion model
(red points) (Takahashi et al., 2019)

3.2 Calculation method

This section introduced the calculation method of the control-
oriented engine model, especially in ignition and combustion.
The mixture gas consisting of intake air, residual gas, and
EGR gas is compressed at first, and this process is defined as
the polytropic change. Next, ignition and combustion process
are calculated considering fuel spray formation, ignition of
premixed gas and combustion reaction. Then, expansion
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Table 1 Definition of discretized feature points

Discretized point Definition

IVO Intake valve open

IVC Intake valve closing
PILOT INJ Pilot injection

PRE INJ Pre injection

PRE IGN Pre ignition

PRE HRR PEAK Pre heat release rate peak
MAIN INJ Main injection

MAIN IGN Main ignition

MAIN HRR PEAK | Main heat release rate peak
EOC End of combustion

EVO Exhaust valve open

EVC Exhaust valve closing

process is also described as the polytropic change. Finally,
gas state at the end of the cycle is taken over as the residual
gas to the next cycle, and the gas state at the start of next cycle
is predicted in the gas exchange process.

Here, outline of the ignition and the combustion calculation
processes are described. The processes include fuel injection,
ignition, and combustion reactions and are expressed using a
combination of the spray shape model (Reitz and Bracco,
1979), the ignition model (Livengood and Wu, 1955), and the
chemical reaction model. In the spray shape model, the spray
is considered as a cone shape and its length and angle are
expressed as (1) and (2), where, Lgyq, is the fuel penetration
distance, @gprqy is the spray angle, AP is the gap between
fuel injection pressure and in-cylinder gas pressure, pp,e; and
Pcas are the density of fuel and in-cylinder gas, dy. is the
nozzle hole diameter, tg,,q, is the injection duration and
Lyozzie 18 the injector nozzle length.

0.25

AP
Lspray = 2.95 (pFuel) ,dHoletSpmy (1)

L -1 V3
tan((PSpray) = {3.0 +0.28 (M)} 4T %? ©)
ue

Hole

The fuel concentration used in the ignition model and the
chemical reaction model can be obtained from the spray shape
and amount of injected fuel.

In the ignition model, the ignition delay time is calculated
from (3) and (4), which is simplified Livengood and Wu
integration for the feature points. Here KA, B,C and E are
model parameters to adapt, and Atpeq, is the ignition delay

time.
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The combustion process of the premixed combustion assumes
mainly depending on the chemical reaction and the fuel
consumption rate is expressed by the Arrhenius equation
shown in (5), where,a, 8, 7, and ¢ are also model parameters,
and r is the fuel consumption rate. The gas state of each
feature point is calculated by the law of energy conservation.
Once the ignition timing is determined, the HRR peak timing
is predicted by statistical formulas, and the fuel consumption
rate is used to calculate the HRR peak value, which are shown

in (6), (7).
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4. AUTOMATIC ADAPTATION METHOD
4.1 Target sub-models

As described in the previous section, model parameters exist
in the pre-ignition model and the pre-combustion speed model.
In the previous authors' study (Yamasaki et al., 2019a, b),
such model parameters were determined by a multiple
regression analysis based on data from several steady-state
operations, and the results of transient mode control test are
shown in Fig. 3. In Fig. 3, black dashed line shows the
experimental value, and the blue line shows the prediction
result of the model. The prediction accuracy of the
combustion model was decreased in the transient operating
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test. Therefore, it is necessary to adapt the model parameters
according to each operating condition. So, in this paper, the
model and the pre-combustion speed model are adjusted by
automatic adaptation method.

4.2 Automatic adaptation algorithm

Automatic adaptation adjusts model parameter values so that
the error between the prediction result and the measured value
of pre HRR peak becomes zero. As the prediction accuracy of
the model gets better, it is expected that the performance of
the FF controller based on the model can be improved. In this
study, model parameters such as o, , Y and € according to the
driving conditions are adjusted by neural networks
(hereinafter referred to as NN) as automatic adaptation
algorithm. By setting driving conditions and model
parameters as inputs and outputs of NN, NN becomes a
function that represents multiple sets of model parameters as
the driving conditions at that time is inputted.

Fig. 4 shows the automatic adaptation flow. First, the driving
condition of the cycle is inputted into the NN to update the
model parameters. Next, the engine combustion model
predicts the state of in-cylinder gas and calculate prediction
error. Then, predictive error and loss function is calculated as
defined below. Here, 0p, ¢ yrr pear 1S pre HRR peak timing

dQ .
—= lue of pre HRR peak.
and 40 pre HRR Peak 1S value ot pre peca
1
] =3ukng ®)
uFB,q 1= ePre HRR Peak (model) — BPre HRR Peak (exp.) (9)
aQ aq
Urpq2 = Y (10)

do Pre HRR Peak (model) do Pre HRR Peak (exp.)

Finally, the weight and bias to reduce the loss function by the
BP (Back Propagation) method is adjust. Such calculations
are performed cycle-by-cycle, so model parameters are
updated according to driving conditions in real time. Fig. 5
shows the structure of one node in the NN. Weight and bias
are the internal variables of NN. Calculations can be divided
into forward and reverse directions. The forward calculation
is to get the output from the input and it is written as (11). By
applying the BP method, which is written as (12), (13), the
prediction error is minimized and the NN weights and biases,
and the output, change automatically towards smaller errors.
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In this paper, two NNs were built and the structure of the
neural networks were modified from the previous research
(Cao, J. et al., 2019) to improve simulation and control
performance. First, the number of hidden layers were changed
from two to one. This is because in the case of two hidden
layers, the vanishing gradient problem has occurred in the NN.
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Fig. 4 Automatic adaptation flow (Cao et al., 2019)
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Fig. 5 The outline of the neural network

Moreover, the training speed was faster and the predictive
accuracy was higher for one hidden layer than for two hidden
layers in the simulation results. Second, the output layer
activation function of the pre-ignition model has been
changed from a linear activation function to a standard
sigmoid function considering expressivity. By changing the
activation function, the simulation results improved and were
also stable in the control test. Their specifications of NNs are
shown in Table 2. Since the premixed fuel and air conditions
have significant effect on combustion, the engine speed, total
fuel injection quantity, supercharging pressure, and EGR rate

Table 2 Specifications of neural networks

Object Number | Activation
1 t t .
model nput | Outpu of nodes | function
Pre (BKA)PRE
Ignition PRE
Model NEngine CPRE ) )
Qrotar | Epre [4,20,4] Sigmoid
Pre Pgoost | Qpre — function
Combustion | rger Brre
Speed YPRE
Model EpRE
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are used as NN inputs. Both NNs are 4-input 4-output NN
with one hidden layer, and there are 20 nodes in a hidden layer.
NNs are used to adapt the pre-ignition model and pre-
combustion speed model. A standard sigmoid function is the
activation function of the hidden and output layers.

5. AUTOMATIC ADAPATION IN SIMULATION

In this chapter, the automatic adaptation of the control-
oriented model is performed in simulation before applying the
model to the real engine as a FF controller. The automatic
adaptation simulation is implemented with experimental data
which is collected under the driving condition which is shown
in Fig. 6. The simulation environment is MATLAB® and
Simulink® (MathWorks, Inc. registered trademark). In the
simulation, experimental values of pre HRR timing and pre
HRR value were given to NN cycle by cycle. The process of
sequentially applying the data from the beginning to the end
of this driving pattern to the NN is defined as one time of
learning. Before the learning begins, the weight and bias of
the NNs is adjusted so that the NNs can output model
parameters whose value is close to the conventional ones
derived by multiple regression analysis. Fig. 7 shows the
prediction result of the models after 500 learnings. The black
dashed line is the measured value from the actual engine,
which is the target value of the automatic adaptation
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algorithm. The blue solid line shows the result of using fixed
model parameters adapted by multiple regression analysis.
The red solid line indicates the result when automatic
adaptation is applied. The model with automatic adaptation
performs better in both predictions compared to the
conventional model, particularly in accelerating operation in
about 160~580th cycle. In steady state driving in 1~160th
cycle and 580~700th cycle, the conventional model predicts
pre HRR timing slightly better than the automatic adaptation
model, but in the prediction of pre HRR value, the accuracy
of the automatic adaptation model is better. However, there
are some cycles where the prediction results are bad. In
around 150~160th cycle, the red line goes the opposite of the
black dashed line in both two predictions. This is because the
data of the transient in 150~160th cycle is quite little
compared to other driving condition. Also the in-cylinder gas
state of the transient in 150~160th cycle should be pretty
different with other cycle, considering it is immediately after
a significant increase of injection quantity. For these reasons,
the data in 150~160th cycle is not fully learned, hence the
accuracy drops.

Fig. 8 shows the model's prediction accuracy (RMSE) for the
learning time. The horizontal axis indicates the time of
learnings, and the vertical axis indicates the RMSE of the
prediction result. In every 50 times of learnings, RMSE is
calculated with the same driving pattern. This figure shows
that the prediction accuracy of the automatic adaptation
model gets better than the conventional model after 50 times’
learning, and it continues to improve as the number of
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learning increases. The history of model parameter is shown
in Fig. 9. The blue dashed lines are the fixed model
parameters adapted by multiple regression analysis, and black
and red lines are values of parameters after 100 and 300 times
of learning. Fig. 9 shows model parameters changing
according to the operating conditions in real time.

6. CONTROL EXPERIMENT

In this chapter, the result of the control experiment is
introduced. First, the design of the (FF) controller is described.
Next, the FF controller with automatic adaptation algorithm
is installed to the rapid prototyping and control experiment
was carried out.

6.1 The design of the FF controller

By using the model introduced in chapter 3, the feed-forward
(FF) controller is designed and the control system is shown in
Fig. 10. The FF controller consists of two parts, an inverse
model and a compensator for errors produced by linearization.

Adjustment of linearization error

i Control inputs
Opre INJ
Qore

Target values Inverse Model
Fpsak ] R R

Yrep = : y=Au+B
4@/ A0 (linear model)
l

Original Model
Yo

b

e )

Driving condition .
(Mongier Quotse Prose~) 119N Model

ECU

\ Adjust model parameters

Engine

Fig. 10 Block diagram of feed-forward control system

As the model is made up of many equations, it is difficult to
obtain an inverse model analytically. Linearization procedure
using relation between perturbed input and output is
introduced. After the model parameters are updated, the
calculation is executed several times when the input is
perturbed under the current operating condition ugq. The
calculation is performed three times for each input, so the
number of calculations is 3", where n is the amount of input
and output. The linear model y = Au + B can be obtained
from the output response, and the inverse model is derived by
multiplying A~1. In addition, since the combustion model has
nonlinearity, an error may arise from the above linearization
method and the compensator for occurred error is set. The
control input uy, (in this study, the timing and the quantity of
pre injection) derived from the inverse model is inputted
again into the original combustion model and the predicted

result yy, (in this study, pre HRR peak timing and value) is
calculated. The difference between the predicted result y;, and
the target value y.¢ is multiplied by the inverse model
coefficient matrix A~! to obtain the input correction. The
above process is executed in every cycle.

6.2 Control experiment result

We noticed that the model parameters are very sensitive
because they are power or exponential in the target models.
Although it is desirable to set limit or saturation to ensure the
stability of the control system, in this research, it is difficult
because like the model parameter value, the value of limit or
saturation cannot be found in physical way. To solve this
problem, while keeping the driving condition the same as
shown in Fig. 6, we collect data where various pre injection
patterns, including the lower and the upper limit of pre
injection timing and quantity, are applied. In that way, the
over-learning can be avoided, which means the accuracy of
the model could be improved in not only just one certain
injection pattern but also various conditions, hence the
stability of the controller is improved.

The control experiment is performed with the model
parameter obtained in simulation using the data mentioned in
last paragraph. The test condition and the result are shown in
Fig. 11. In this test, online learning is not conducted while
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executing control. The black line refers to the control target,
the blue line is the result of the conventional controller which
model parameters are adapted by multiple regression analysis,
and the red line is the result of the automatic adaptation
controller. The figure shows that the control accuracy of the
automatic adaptation controller cannot be better than the
conventional one by only using the model parameters
obtained from simulation. Next, the control experiment is
executed while the learning is being conducted. The driving
pattern shown in Fig. 11 is repeated for eight times, and how
control accuracy changes as the time of repetition increases is
observed, which is shown in Fig. 12. The black dashed line
refers to the target of control, the red line is the result of the
automatic adaptation controller. The control accuracy
expressed by RMSE is shown in Fig. 13. Overall, as the
learning time of the repetition increases, the control accuracy
gets better and better. The control accuracy of pre HRR
timing gets a little worse in the Sth and the 8th repetition,
which is considered to be caused by the fluctuation of the
weight and bias of the NN.

7. CONCLUSIONS

In this paper, the authors developed an online automatic
adaptation method for model-based control of diesel engines.
An automatic adaptation method based on neural networks
has been developed to adapt the model parameters existing in
a control-oriented physically rich combustion model. The
prediction accuracy of the automatic adaptation model was
evaluated by simulation. In addition, availability of the
automatic adaptation model as the FF controller was
evaluated by experiment. The proposed method is able to
improve the prediction accuracy of the engine control model,
then improve the control accuracy of the FF controller based
on the model. Also, the calculation load of the controller is
light enough to conduct on actual engine with the rapid
prototyping system. However, the stability of the control
system still needs improvement as the future work.
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