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Abstract: Reactivity controlled compression ignition (RCCI) technology has gained in popularity due
to its ability to achieve low level NO, and soot emissions with relatively high brake thermal efficiency.
However, control of RCCI combustion is a complex task. Nonetheless, this challenge can be overcome
with model-based control design (MBCD). In this work, a linear physics-based time-varying RCCI
combustion model was developed and improved with an addition of a start-of-combustion (SOC) model.
The model we developed, which is capable of real-time simulations, can predict the combustion phasing,
heat-release, and cylinder pressure of an RCCI marine engine. The model showcases the trend-wise, high
accuracy estimation of cumulative heat-release and cylinder pressure. Additionally, it is able to predict
combustion phasing parameters with an error of less than 1% for control design.
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1. INTRODUCTION

There has been a growing interest in the utilization of dual-fuel
reactivity controlled compression ignition (RCCI) technology
for the next generation of combustion engines (Mikulski et al.,
2019) in the marine and off-road sectors. The appeal is driven
by ultra low levels of soot and NOy (< 0.01 and 0.5g/kWh,
respectively [Benajes et al., 2015]), reported thermal efficiency
in excess of 55% (Splitter et al., 2011), a direct 25% reduction
in CO;, footprint with biofuels (Arnberger et al., 2018), and
retrofitability. While the aforementioned are proven benefits
(Reitz and Duraisamy, 2015), certain issues remain regarding
the practical adoption of this technology. In terms of controller
development, the challenges include:

i. the lack of a direct ignition trigger, due to inherent chem-
ical kinetics of limited heat-release, thereby making the
process highly sensitive to conditions at the inlet valve
closing (IVC)

ii. constraints to the operating envelope caused by excessive
cylinder pressures (P,,4y), the pressure rise rates (PRR ),
engine out emissions (particularly unburned hydrocarbons
[UHC] [De Ojeda et al., 2012])

iii. combustion stability issues and difficult transients

iv. challenging calibration stemming from the large number
of control parameters, including the fuel blend ratio (BR),
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injecting timing, excess air coefficient (1), and valve
timings

Thus, the requirements of a robust controller that can scale with
hardware and operational constraints and systematically handle
a multiple-input and multiple-output (MIMO) cross-coupled
system, call for model predictive control (MPC) methodology.

Thus far, MPC applied to RCCI has focused on combustion
phasing and load control within prescribed combustion bound-
aries. Implementations of embedded real-time control-oriented
models (COM) include linearized white-box quasi-empirical
phenomenological models (Raut et al., 2018) and, fast black-
box data-driven to grey-box models (Irdmousa et al., 2021,
2019; Basina et al., 2020). Linearized white-box approaches
are computationally heavy, with limited applicable range and
fidelity, while data-driven approaches require a large amount
of data and suffer from concept transfer (Albin Rajasingham,
2021). In addition, these approaches are unable to provide high
frequency in-cycle combustion details. Thus, the ultimate goal
of our current research is to develop a real-time COM (RTM)
for RCCI-MPC that provides detailed combustion insights and
is computationally fast, robust, and predictive over a broad
operating range. The current paper contributes to this goal by
providing the first demonstration a linear physics-based time-
varying state-space RTM (Storm, 2023) improved with the
inclusion of a start-of-combustion (SOC) model. Ultimately,
the combined model meets the aforementioned requirements
with its rich output and fast computation, demonstrates high
reliability and fidelity in boundary condition prediction, and,
further, systematically improves autonomy.
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2. METHODOLOGY

Development of the COM is based on a higher-order, ex-
perimentally validated, physics-based model called the Uni-
versity of Vaasa Advanced Thermo-kinetic Multizone Model
(UVATZ), developed by Vasudev et al. (2022a). The novel
cycle-based real time model (RTM) is a physics-based time-
varying linear state-space model, potentially suitable for MPC
implementation. The model is used as a predictive model for
MPC to control blend ratio of fuels and the total fuel energy.
The original RTM is equipped with a cumulative heat-release
(CHR) curve shifting function using a tunable parameter. In
this work, this shifting function is replaced by a physics-based
SOC model, which considerably improves RTM autonomy and
reliability. Both the SOC model and the coupled SOC and RTM
are calibrated and validated thoroughly against the UVATZ
model, as shown in Fig. 1. The details of the RTM and SOC
models are presented in sections 2.1 and 2.2, respectively. The
framework of this work is outlined in Fig. 1.

Experimentally validated
predictive multizone model
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Fig. 1. Work outline and process

2.1 RTM

The RTM follows the general framework proposed by Turesson
(2018) for partially premixed combustion (PPC) control. In its
original context, the methodology was experimentally proven
to be able to replicate crank angle resolved pressure and heat-
release with real-time simulation capability and high accuracy.
BR and total fuel energy (Ef,.), which were obtained from
a previously conducted sensitivity study and literature review
(Raut et al., 2018; Irdmousa et al., 2021) are used as control
variables. The cycle-by-cycle RTM extends the method from
Turesson (2018) to the RCCI concept with the assumption that
small control input changes result in small CHR variation. The
next cycle’s CHR and cylinder pressure (P) are the sum of the
previous cycle’s CHR plus the induced changes from the Ep,,;

: dCHR _ CHR dCHR _ CHR
and BR with respect to 0E fuel = Euel and “p =g - Lhe

details of the RTM linearization methodology are illustrated in
an ongoing paper (Storm, 2023).

dCHR
CHR(k+1) = CHR(k) + =

AEfMel (k) (D
fuel

dCHR
dBR

P(k+1) = P(k) +

+a

ABR(k)
dP

dpP
AE et (K) + a2
QE et )+ 2

dBR

ABR(k) (2)

3171

LHV,
BR— mygLHVnG 3)
myGLHVNG +mproLHVFo

With Ef,.; and BR increasing, the next cycle’s CHR magnitude
will increase accordingly, as shown in Fig. 2.

Methodology demo

BRincreases

CHRincreases

A
Efuel
increases

CHR

Fig. 2. RTM methodology demo. CHR is proportional to the
changes of BR and Ey,,;. Increasing the SOC shifts the
CHR trace to the right, and decreasing the SOC shifts the
trace to the left.

The calculated CHR curve is further shifted along the crank
angle axis, as highlighted in the zoomed-in window from Fig.
2, according to predefined tuning parameters. These are defined
in table 1.

Table 1. Used parameter constants

AEp,;  ABR BR(k+1) ASOC  ASOC shifting
0 +1 <B Rchange R A
+1 0 - L A
+1 +1 < BRpigh R 1
+1 +1 > BRhigh L 1

R: CHR shifts to the right, L: CHR shifts to the left, A: shifting CAD

Here BRcjange and BRyqp, are general parameters that indicate
the combustion behavior changing point. In this work, they
are defined as an IMEP-axis 1-D table from 1 to 20 bar. The
linear interpolation limit for BRyg, is from 0.8 to 0.98 and
for BR pange from 0.55 to 0.91. A is defined as a 1-D tuning
table based on BR from 0.73 to 0.93 with shifting interpolated
from 0.2 to 3.8 CAD. The coefficients a; and a; are tuning
parameters, which will be defined in details in Storm (2023).

2.2 SOC model

Auto-ignition has been a constituted a particular area of interest
among research communities, and several methods have been
developed throughout the years, ranging white-box to gray-box
modeling. For example, Kakoee et al. (2020) utilized a modified
knock integral method and Wiebe functions to estimate SOC,
CAS50 and IMEP on a heavy-duty engine. Mishra and Subbarao
(2021) developed a hybrid control model to estimate SOC,
CAS50, and P, utilizing a modified knock integral model,
an extended Wiebe function and artificial neural networks.
In addition, Sadabadi et al. (2016) developed a full dynamic
RCCI model for control application. The model estimates com-
bustion parameters utilizing the Livengood-Wu integral, the
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Wiebe function, and a spontaneous ignition front-speed-based
burn-duration model. Moreover, Kondipati et al. (2017) further
developed the same model towards steady-state and transient
cases and used a PI-controller to control the injection timing
and blend ratio of the fuels to reach the desired combustion
phasing level. Raut et al. (2018), in turn, further extended the
previous approach of Kondipati et al. (2017) to control the same
parameters with a linear quadratic integral (LQI) controller and
MPC.

The current work uses a modified knock-integral model (MKIM)
(Sadabadi, 2015) to predict the start of combustion. The model
is an auto-ignition model developed for RCCI process and
based on the works of Livengood and Wu (1955) and Shah-
bakhti (2009). Livengood and Wu (1955) developed the knock-
integral model (KIM) to predict auto-ignition in SI-engines.
Shahbakhti (2009) further extended the same model towards
HCCI combustion concept.

The SOC of RCCI is dependent on the conditions at IVC,
injection timing, the equivalence ratio, the blend ratio of the
fuels, and exhaust gas recirculation (EGR) (Sadabadi, 2015).
The MKIM is presented in (4)

/SOI de (4)
wvc ne\D
B Ci (Pryevi€)P1
soc 46
+ / =1
sor B HRF By LRF CN,i,sz 5 (Pveve)P2
AoN(Oygr +Orr )exp Toyenie !

In Equation (4), Ay, By, Ci, D1, Az, Bojrr, Bourr, Co, b
and D, are tuning coefficients, such that the condition of the
equation holds. Moreover, N is the engine speed, ¢ is the
equivalence ratio of high and low reactivity fuel (HRF, LRF),
Piyc and Tpyc are pressure and temperature at IVC, n, is
the polytropic compression coefficient, CN,; describes the
reactivity of the fuel blend and v, is the ratio of volume at IVC
to the volume at any crank angle. CN;, and v, are defined in
(5) and (6) respectively

FARy irr OHrRFCNHRF + FAR 1 RF OLrFCNLRF
FARy rr Ourr + FARg LRFQLRF
V(6ivc)

= 6

Ve % ( 9) (6)

In Equation (5), FARy is the fuel-to-air ratio, ¢ is the equiva-

lence ratio and CN is the cetane number of the fuels, respec-
tively.

CNmix = (5)

The integral from IVC to start of injection (SOI) deals with the
compression of LRF, while the integral from SOI to SOC deals
with compression of the mixture of LRF and HRF. More details
about the model can be found in Sadabadi (2015).

2.3 RTM embedded with the SOC model

The main contribution of this work is to improve the RTM
shifting function such that manual tuning and shifting are
replaced by an automated and systematic process. Shifting
is estimated by the MKIM described in section 2.2, which
estimates the SOC of the next cycle. Here, CA10 is used as
reference for SOC because the Kinetic nature of the combustion
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and CAO5 contain a large degree of uncertainty. The SOC of
current cycle, SOC(k + 1), is compared to the SOC of the
previous cycle, SOC(k), and the shifting of CHR is performed
according to the difference of the SOC values between the
cycles as described in (7):

N SOC(k+1) — SOC(k)
- Resolution

)

The calculated N provides both the shifting number and the
direction. For instance, when N is smaller than zero, it indicates
an earlier SOC. Thus, it is shifted left. Similarly an N greater
than zero indicates a right shift, while an N equal to zero
means no shift. In this way, the system will automatically shift
in the correct direction. Thus, the combined RTM and SOC
model can provide a systematic means of CA10 and CA50
estimation. Cylinder pressure and the IMEP are not directly
related. Therefore, analysis is focused on CA10 and CAS50 in
this paper.

2.4 Source of reference data

The data required for calibration and validation is obtained from
the UVATZ model introduced at the beginning of section 2.
UVATZ captures the effects of fuel injection and mixing, in-
cylinder heat and mass flows, and wall heat loss on the ensuing
heat-release profile, for which a chemical kinetics mechanism
(Yao et al., 2017) is employed. In-depth calibration and valida-
tion of UVATZ was performed against experimental data from
a marine RCCI engine (table 2). UVATZ was able to reproduce
the in-cylinder pressure trace within a root mean square error
(RMSE) of 0.85 bar to measurement and combustion perfor-
mance indicators within a 5% error margin. Complete details
regarding validation, and the modelling approach for UVATZ
can be found in our previous work (Vasudev et al., 2022a).

As the current study is based on the same engine platform as
used in Vasudev et al. (2022a), the calibrated UVATZ can be
used to explore the design space. This methodology is well
known within the engine research community, since multizone
models (MZM) are capable of producing simulations with
similar accuracy and predictivity to high fidelity CFD models,
but at a fraction of the computational time (order of a few
minutes). This unique ability of MZM, furthermore, explains
its application in a wide range of engine research use cases, as
described in (Vasudeyv et al., 2022b).

Briefly, the engine platform upon which the present approach
is parameterized is a Wirtsild “Mono” single-cylinder research
engine (SCRE). This is a variant of the commercial W31 engine
which is a multi-cylinder, dual-fuel, two-stage turbocharged
power plant (Astrand et al., 2016) operating on the lean-burn
combustion of natural gas and diesel. The SCRE in the current
research operates in RCCI mode, with natural gas (NG) as the
low reactivity fuel and light fuel oil (LFO) as the high reactivity
fuel. In terms of fuel metering, NG is administered via a multi-
point system upstream of the intake valve, while LFO is direct
injected via a twin-needle injector (Jay, 2016). Table 2 provides
a brief summary of the specifications of this setup, while further
details are presented in Vasudev et al. (2022a).
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Table 2. Specifications of the Wiirtsila single cylin-
der research engine (SCRE)

Displacement 32451
Nominal speed 720 rpm
Stroke/bore 1.39
Air system External air compressor with air
temperature & pressure control (up to 10 bar)
Valvetrain 4 valves with swirl + tumble ports

variable intake valve closure (VIC)
fixed exhaust valve opening (EVO)
Rapid prototyping platform
ISO 8217 compliant LFO / LNG (MN=80)

Engine control
Test fuels

2.5 Scope of research

Measurements from the SCRE include two steady-state RCCI
operating points, which are used as baseline conditions in this
research. OP A and B correspond to load points of 9 and 16 bar
IMEP, respectively, as shown in table 3. The data is presented
with respect to 'Ref’, which is an IMO TIER III 25% load
calibration point of the commercial W31DF engine. The dual
fuel blend is quantified by blend ratio and is defined using NG
on an energy basis, as in (3). The remaining parameter in table
3 is direct injection timing of the HRF (SOI.ro).

Table 3. Steady-state measurement data. The base-
line 'Ref” is the standard IMO TIER III 25% load
calibration point on the commercial W31DF

OP IMEP [bar] BRI[pp] SOl ro|CAD] A [%] Tive K]
A 9 Ref-11 Ref -65 Ref+1.1  Ref+20
B 16 Ref -2.5 Ref -84.5 Ref-0.8  Ref+7.5

In addition to using OP A and B for validation of the RTM
methodology, the points serve as nominal conditions upon
which additional data for calibration is generated by simulating
the validated UVATZ. This directly follows from the model-
based development approach, thus enabling tailored sweeps of
the most influential parameters to the RTM. Such an approach
also enables the generation of quasi-transient data by assum-
ing that inputs to UVATZ vary linearly between the steady-
state measurement points. Table 4 presents this synthetically
generated data. In the present work, the quantities A, Tjyc,
BR, and mggg are the fundamental independent variables, upon
which the parameters in (4) are essentially based. It is worth
noting that A is defined with respect to the fuel mass. Cases
1-4 are sweeps of the aforementioned parameters on OP A,
and case 8 is BR sweep on OP B. These cases were used for
calibrating the MKIM. Cases 5-7 are sweeps performed varying
two parameters at a time. Finally, case 9 is a quasi-transient
sweep between OP A and B. It is worth mentioning that case 9
includes added noise to Tjy¢ and mggg in the input data.
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Table 4. Operating conditions for calibration and

validation of MKIM, RTM, and coupled RTM.

Each test case corresponds to a sweep performed
on the given parameters.

Case IMEP BR A Tive megg  Validation

[bar] [%] [ [K] [g]

1 9 - X - -

2 9 - - X -

3 9 X - - - #o

4 9 - - - X

5 9 - - X X *

6 9 X X - - *

7 9 - X X - *

8 16 X - - - #o0

9 9—16 X X X X * 0

*: tests performed for the MKIM validation. #: tests performed for the
original RTM VS experimental data. o: tests utilized in this work for
coupled RTM and MKIM model validation.

3. MODEL VALIDATION AND RESULTS

In this section, the aforementioned tests are presented and the
validation results are discussed.

3.1 Validation of RTM

The full in-depth validation of the RTM can be found in
the ongoing journal paper Storm (2023). Here, the validation
results are presented by comparing the results with the UVATZ
and experimental results, as indicated in table 3, case A and B.

6
Proax IMEP CA50 ~ Poax  IMEP CA50

Error against experiment [%]

Fig. 3. RTM validation results compared with experimental
results, dashed horizontal lines indicate the target accuracy
of the UVATZ calibration.

The overall results show that the accuracy of UVATZ is within
an error margin of 5% regarding the main combustion indica-
tors: peak pressure (Pqy), IMEP, and CAS50. A similar result
can be obtained with the RTM, where highest error is 5.2%,
which is slightly beyond the error margin.

3.2 Calibration and validation of SOC model

The MKIM was optimized for two operating points with MAT-
LAB’s Global Optimization Toolbox. The operating points con-
sist of mid and high engine load, as presented in table 3 and
4, respectively. The MKIM is optimized towards UVATZ. The
value of CA10 was taken as a reference for the start of combus-
tion. The MKIM predicted CA10 with a low error compared
to both UVATZ and the experimental CA10, although it was
not optimized towards the latter. The percent margin of error
between the CA10 estimated by the MKIM and its UVATZ
and experimental counterparts ispresented in table 5. The error
between CA10yk7p and CA10g,perimentar 18 Within a margin of
1%, while the margin of error for CA10yx73 and CA10yyarz
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is less than 0.04% for all operating conditions. Hence, it can be
concluded that the MKIM can predict SOC with low margins
of error in steady-state conditions.

Table 5. Margin of error between CA10,,perimental
and CA]OMKIM» and CA]OUVATZ and CA]OMKIM»
respectively.

OP IMEP [ba_r] CAl Oerror, UVATZ [%] CAl Oermr, Experimental [%]
A 9 0.02 0.58
B 16 0.03 0.08

In Fig. 4, the correlation between CA10 and A, Tyyc, BR, and
mggr 18 shown for both UVATZ and the MKIM. The MKIM
is able to estimate CA10 with a low margin of error while
maintaining similar reaction as UVATZ. The increase of A
results in earlier combustion. The same can be seen in the
increase of Tjyc. A higher BR and mgggr on the other hand,
result in later combustion, with an estimation error of 0.5 CAD
compared to UVATZ. In these cases, the estimation error is less
than 1 CAD, which occurs mostly outside nominal values.

= Case 1 Case 2

8 0 0

(==

] 20

a —=

<4 -4 =

S -6

o

z -8 -8

© 4 .05 Ref +05 -5 Ref +5
ALl Tyc Kl

= Case 3 Case 4

8 0 0
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S -2 -2

D . gy iy ‘] e’ o’

<4 -4
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© 8 6 -4 2 Ref +#2 -15 -1 -05 Ref +0.5 +1

BR [%] M 0]

[—8—wmKIM — & —uvaTZ]

Fig. 4. Single parameter sweeps of MKIM compared to UVATZ
in cases 1-4.

Similar behavior can be observed in multi-parameter sweeps,
as shown in Fig. 5 and 6. In case 5, Tjy¢c and mggr exert
an opposite effect on CA10. As already indicated in Fig. 4, a
higher Tjyc results in earlier combustion and a higher mggg
delays it. An increase in both parameters indicates earlier
combustion. However, CA10 has a lower gradient, since the
altered inputs exert opposite effects on CA10. In case 7, an
increase of A and Tjy¢ advances CA10, with both parameters
reinforcing this effect. In both cases, estimation is less than 1
CAD for all points.
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Fig. 5. Multi-parameter sweeps of MKIM compared to UVATZ
in cases 5 and 7.

Case 6 contains multiple sweeps performed on BR and A. In
two cases, BR was kept constant outside the nominal value
and the sweep was performed on A (6a and 6b), and, in the
other cases (6¢c and 6d), BR was changed in ascending and
descending order, while A was changed in ascending order. In
case 6a, high BR delays the start of combustion. Conversely, a
decrease in BR causes combustion to occur earlier. This can be
seen from the start points of the trends in 6a and 6b. Increasing
A will advance the start of combustion as indicated earlier in the
text. Moreover, with BR decreasing and A increasing in case
6c, the start of combustion occurs earlier, while, in case 6d, the
increase of BR delays combustion. This effect is similar to case
5. In all cases estimated CA10 has an error of less than 2 CAD.

Case 6a: Case 6b:

A iné:reases towards right. BR is Ref+2%. A inocreases towards right. BR is Ref-8%.
g 3 .
Q 2 2
=
S 4 -4
a
S e -6
g * * b‘\’“}ﬁ;}
<
© .10 10

0 2 4 6 0 2 4 6

Case 6d:
A and BR increase towards right.

Case 6¢:
A increases and BR decreases towards right.

Q o R 0
= \
©
s: -5 -5 M
S,
2
Z -10 10
o
0 5 10 0 5 10
Data point Data point

—&—MKIM — ® —UVATZ

Fig. 6. Multi-parameter sweeps of MKIM compared to UVATZ
in case 6.

Fig. 7 presents the CA10 at each point of case 9 for both
the MKIM and UVATZ. The error is quite low during the
entire sweep, with a slight increase outside nominal values,
but, nevertheless, an error margin remaining at 1.5 CAD. It
is worth mentioning that multi-parameter sweeps could also
be considered transient sweeps, since the range of the chosen
inputs overlaps both operating conditions.
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Fig. 7. Transient sweep of MKIM compared to UVATZ in case
9.

The overall results indicate that the MKIM is capable of esti-
mating CA10 with a low margin of error compared to UVATZ.
Additionally, the MKIM displays similar behavior and sensitiv-
ity towards BR, A, Tjy¢, and mgggr compared to UVATZ.

3.3 Validation of RTM embedded with SOC model

The coupled RTM and MKIM are validated against the experi-
mentally validated UVATZ model. The test cases are described
in table 4. Overall, the model is validated in three different con-
ditions, which are at mid (10 cycles) and high load (8 cycles)
with only BR changing, and a corresponding transient case (10
cycles) with both E,,; and BR changing. The validation results
are compared with the UVATZ results.

To provide an in-depth view of the trend-wise information, Fig.
8 describes the normalized CHR and cylinder pressure by the
coupled RTM (in the figure RTM+MKIM), UVATZ, and the
original RTM model (RTM) in test case 3. It can easily be
seen that the CHR and cylinder pressure are estimated with
good trend-wise accuracy from both the original RTM and the
coupled RTM with the same amplitudes.

As mentioned earlier, the major improvement offered by the
coupled RTM is the phasing of CHR; therefore, the amplitude
remains the same. The zoomed-in region in Fig. 8 highlights the
improved phasing of the coupled RTM compared to the original
RTM. This is further demonstrated in Fig. 10 case 3, where the
accuracy of CA10 is much better than that of the original RTM.
Cylinder pressure, on the other hand, has a small error in phase,
but the amplitude is correct.
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Fig. 8. CHR and cylinder pressure at cycle(k+1) for case 3.

The overall results from case 9 shown in Fig. 9 are similar
to case 3, excellent trend-wise CHR is obtained, with only a
slight mismatch of cylinder pressure phase. In transient case
9, the relatively higher errors stem from the fact that transient
combustion is more challenging to estimate. In addition, the
results are inaccurate in terms of CHR phasing, as indicated in
Fig. 10 case 9, where slightly higher CA10 and CAS50 errors
are obtained from the coupled RTM. One key observation
from the last two cycles is that the original RTM produces
much higher error margins, due to its limitations, when the
combustion is in the boundary region. For instance, here, the
BR is extremely high, and this high BR pushes combustion to a
boundary region where combustion changes extremely rapidly.
As a result, chemical-driven combustion cannot be captured by
the linear RTM; thus, accuracy falls. Nevertheless, the coupled
RTM corrects this issue by applying the full predicative SOC
model. In addition, the sensitivity to Tjyc and mgggr from the
MKIM improved the coupled model’s reliability and applicable
range significantly. Therefore, the errors from the coupled
model in boundary conditions are much lower.

Case 9
1 UVATZ A i
RTM+MKIM —|
14 RTM \
T
Oos )
] /
[ /
B /
$ 0.6 /
o /
o 7 /
> %
004 /
5 V
[ Y
N
©
0.2
£
o
z
o
340 360 380 400 420

CAD

Fig. 9. CHR and cylinder pressure at cycle(k+1) for case 9.

Another issue revealed by the results is that CA50 generally has
a higher error than CA10. This is due to the fact that shifting
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CHR according to the SOC produces a more accurate CA10,
so, for control application, this can be changed based on control
design. For instance, when a more accurate CA50 is required,
the shift can probably be based on the estimated CA50. To
sum up, the coupled RTM model was able to achieve overall
maximum errors for CA50 and CA10 of 1% and 1.2% in all
three test cases, as shown in Fig. 10. As can be seen, the error
results in test case 8 are the highest. This is because the MKIM
is not fully optimized for this operating point compared to
standalone RTM. This, in turn, demonstrates that coupled RTM
combustion phasing estimation relies heavily on the accuracy
of the MKIM.
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Fig. 10. CA10 and CAS5O error in test cases 3, 8 and 9. Each
error bar corresponds to a single cycle.

Nevertheless, the overall results indicate the predictability of
the coupled RTM model with high trend-wise accuracy for
CHR and cylinder pressure. In practice, pressure details cannot
be accurately captured by a linear model. However, the com-
bustion phasing parameters CA10 and CAS0 can be estimated
with excellent accuracy for control design. The automated and
systematic SOC promotes the reliability of the RTM and over-
comes the limitation from different combustion regions. The
average cycle simulation time of standalone RTM, and coupled
RTM and MKIM without any code optimization is around 5 ms
and 20 ms, respectively. The simulation times were obtained
using an Intel i7-11850H@2.5GHz processor (the rated speed
of the 4-stroke engine is 750 rpm, which means 160 ms/cycle).
Despite the increase of simulation time, this approach provides
a promising model for conducting onboard MPC optimal con-
trol.

4. OUTLOOK

The SOC model applied in this work offers an ideal solution
for a RCCI COM: simplifying the UVATZ model by applying a
single zone approach and replacing chemical kinetics with the
MKIM. In this way, real-time calculation capabilities can be
feasible, and a fast and predictable RCCI COM is available for
control design.

Our adaptive linear RTM model represents a viable solution
for MPC control design considering its accuracy and cycle
simulation time. The next step is to apply the model to RCCI
MPC control design and prove the design tool chain through
model in the loop (MIL) simulation.
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5. CONCLUSION

This work demonstrated a successful upgrade of the linear time-
varying RCCI RTM with a nonlinear SOC model capable of
main combustion indicator accuracy of within 5% for RTM
and of predicting both the common cycle-wise parameters
and crank angle-based detailed combustion information. In
addition, a maximum 1.5 CAD error from the highly accurate
and comprehensive SOC model makes it an excellent match
for a coupled RTM model, where model autonomy is improved
dramatically. Overall, the innovative contributions of this work
are as follows:

e The SOC model demonstrates similar behavior and sensi-
tivity towards RCCI inputs to that of the reference UVATZ
model. In general, the SOC model is able to estimate
CA10 with a maximum error of 1.5 CAD compared to
the UVATZ model. This makes it a good candidate for
replacing the detailed chemical kinetics in the UVATZ
and eventually realizing a fast RCCI COM. However, op-
timization of the MKIM requires improvements, since it
is sensitive to initial conditions during the optimization
procedure. This aspect will be investigated in future work.
Nevertheless, this does not detract from the overall excel-
lence of the SOC model’s performance.

e The coupled RTM represents an automated and systematic
linear model for MPC control design. This significantly
improves model autonomy. The coupled RTM is able to
improve the accuracy of combustion phasing estimation
and enhance model reliability by covering even the bound-
ary combustion region and providing full details of in-
cylinder conditions. In addition, the coupled RTM covers
a broad operating range, both in steady-state and transient
conditions, with high fidelity.
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