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Future Vehicles/Engines on the Way ";,;é BIRMINGHAM

portal.ku.edu.tr/.../VEHICLE%20TRACKING%20SYSTEM.ppt

* Internal combustion engines are used in the environment
facing CO, treats and energy issues but with tremendous
information and powerful tools for the designers and users.

© ZERRRHLIE B 0 3R5E 88 R 5] 2 52 R (R L R K ik
HTARHMARTHNSEEELEZMTAEMEMEAK,


file://///upload.wikimedia.org/wikipedia/en/1/1a/Google_Goggles.png

35 08%
%%‘ UNIVERSITYOF
g5 BIRMINGHAM

1 Electrification of Vehicle Powertrain
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The IC engine is no longer on its own anymore and the
powertrain as well as the whole vehicle is being ‘electrified’

ERRABRNABEMTE - s hERUAREEERIEABSKL”

https://www.hybridcars.com Modern Electric, Hybrid Electric, and Fuel Cell Vehicles, Mehrdad Ehsani, et al
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EV share in EU #a#g£BiEEh, RERENEIEEDT
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*Source: |[EA EV Outlook 2019

The electric vehicles include PHEVs using IC engines. The
exact proportion of the IC engines by 2050 is defined yet.

*Source: IEA Energy Outlook 2020
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UK APC Roadmap 2020

System control is one of the 3 main areas requiring development in the future roadmap.
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1~ In line with Vision at Industry
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Milestones of Al applications in powertrain control Zi S pEESIRAIR B BIEE
A

Towards Progress in Stage 4: Autonomous Al decision making
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2 Early Work of Engine Control

AT fE 0 S R FA Sl 960328

PRI RIB A T E55E co Artificial Intelligence for

mbustion Engine Control

.. I o

7% . path of fuel
X i SAE TECHNICAL
g, -0 g PAPER SERIES 1999-01-1484
5 &
1 N
S 3 -'m v v < _ Z) 2
:g 2 —&— compensated ingection E
= ] —v— Motronics iyection - 10

N Ganis " o e I 0 Control of A/F Ratio During Engine Transients

- ey L~
0 10 20 0 40 50 AN PAEL R SiE S Hongmi
e ongming Xu

Imperial College of Science, Technology and Medicine
Figure 14. The required fuel injection strategy calculated

using the Xu model for reducing the air-fuel
ratio excursion with a load transient at 1400

rom. Examples of Al application in IC engine controls



Air-cooled Low thermal inertia, EGR reformers wrapped
intercooler insulated intake manifolds around exhaust catalysts
W|th central feed

Air heaters
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The first real-time HCCI engine control model. The engine management system is combined

with the thermal management control model
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2  Roles of Alin Engine R & D

How can Al contribute to R&D of advanced ICE technology? A TE 8RB D 2NN AL

R&D tasks
STNNRAIESS

Perception
A

Decision/Action_‘_r

-

;ku é S uW‘w

Learning
F3J

Al based structure
optimization

Design evolution
with digital twin

iy
Al based EaeIatii Eﬂ;?éﬁ%m
iImage/signal ©
processing :
sbE o Al based engine .
Control/Calibration SREER/ISSILE control in transient Al baged engine
Ykl /ARTE operations calibration
ARSI HeRaiTE
System integration Al based diagnosis Al based Al based
=S AT component sizing supervisory control
iesE Uil HeelnEiEs




2 ' Framework for PT Control Development
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RD using Al for HEVs is highly interdisciplinary and this is different from the traditional research of
engine technology which is more focused on the engine itself.
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2  Present Work on Al Based EMS
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IEEE Transactions on Vehicular Technology, vol. 68, no. 7, 2019
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3 Al Based Research Facilities
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3 Al Based Optimization at the Engine Level

Workflow of steady state calibration — ECU bypass

t%ﬁbt}&ﬂﬂﬂ'ﬁ;ﬁ.&— ECUZEEZ

ETAS ES910 rapid control prototype toolchain

IVO, EVC, y
Spk_t, Inj_t, ISFC, ISPMN, and PL /.
and Rail_Pin ISPMM values ‘O ~
— Z = o INTECRIO | | INCA-EIP
>
/7 i % ETK bypass
0 = =
\/ b=l
Control Target |G L=
get |'g =" =
nd =
z . " Commercial ECU
“® o=

e . 2
S En tow \ 8

|
Blackbox controller provided by JLR
EI R RR N RERFIR

Reference

1. MaH, Li zZ, Tayarani M, Lu G, Xu H, Yao X. Model-based computational intelligence multi-objective optimization for
gasoline direct injection engine calibration. Proceedings of the Institution of Mechanical Engineers, Part D: Journal of
Automobile Engineering. 2018 Jun 4. https://doi.org/10.1177/0954407018776743



https://research.birmingham.ac.uk/portal/en/publications/modelbased-computational-intelligence-multiobjective-optimization-for-gasoline-direct-injection-engine-calibration(d747c807-fc6c-40fe-82f1-44741dde9c51).html

o204 2
%%‘ UNIVERSITYOF
&5 BIRMINGHAM

3 Al Based Engine Calibration

Comparison of the results of the engine calibration using the commercial and Al based calibration software
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Benchmarking of Al Based SMART X
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(d)

Engine calibration test bench
and result with Smart X
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- Benchmark toolbox SMART X
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3 Al Workflow of Transient Calibration

— a real-time model-based method EFSCRHERIRENTTE =

Implementation
with Open ECU
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1. Zhang, Yunfan, et al. "Intelligent transient calibration of a dual-loop EGR diesel engine using chaos-enhanced accelerated particle
swarm optimization algorithm." Proceedings of the Institution of Mechanical Engineers, Part D: Journal of Automobile
Engineering 233.7 (2019): 1698-1711.
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3 » Validation of the Calibrated EGR Control

Proposed TMPC vs traditional PID: smoother and more responsive engine EGR control
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Zhang, Yunfan et al. Tuneable model predictive control of a turbocharged diesel N eintelli . ibrati dual diesel _
engine with dual loop exhaust gas recirculation. Proceedings of the Institution of Zhang, Yunfan, et al. "Intelligent transient calibration of a dual-loop EGR leseiengine
. X i ) . . using chaos-enhanced accelerated particle swarm optimization algorithm." Proceedings
Mechanical Engineers, Part D: Journal of Automobile Engineering. 2017 of the Institution of Mechanical Engineers, Part D: Journal of Automobile
Engineering 233.7 (2019):
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Intelligent Sizing of P/T Components
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Workﬂow qf intelligent modular design — a knowledge integrated method
SRRl TIERE-—MIRE S E

Testing and validation Jilif{ 5I8iiE

Design

requirements

P max —

Zhou, Quan et al., "
(2017)

" 3600 76140

Powertrain

Model

PC

Prototyping

Mzs|%E

Each subsystem has
different sizes for
different combinations
— intelligent sizing
design is required for
the Hybrid powertrain.
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Innovate UK project delivered a world- /l:b A Zi'}]jj 5 ﬁﬁ %ﬁg

leading hybrid airplane-towing tractor ¥4 R ~T1%iT.
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https://hyperdriveinnovation.com/insights/news/new-hybrid-

aircraft-push-back-tractor-on-show-at-inter-airport-europe-

exhibition/

Intelligent sizing of a series hybrid electric power-train system based on Chaos-enhanced accelerated particle swarm optimization." Applied Energy 189
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3~ Reinforcement Learning for Energy Management

Improvement of vehicle system efficiency in real-world driving {ESEfFS RS EM R FKRIsES(EHVEE
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For the real-world driving conditions at the airport, this
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1. Zhou, Quan, et al. "Multi-step reinforcement learning for model-free predictive energy management of an electrified off-highway vehicle." Applied Energy 255 (2019): 113755.
2. Shuai, Bin, et al. "Heuristic action execution for energy efficient charge-sustaining control of connected hybrid vehicles with model-free double Q-learning." Applied Energy 267 (2020): 114900
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https://research.birmingham.ac.uk/portal/en/publications/heuristic-action-execution-for-energy-efficient-chargesustaining-control-of-connected-hybrid-vehicles-with-modelfree-double-qlearning(728455b5-874a-4014-b5f3-3e0118575c84).html

£4 | UNIVERSITYOF
£°"3y BIRMINGHAM

Presentation Outline

1 Introduction 5[
2 Roles of Al ATEHGHNA®E
3 Present development Z3giHE

Outlook fBEE

5 Summary 244




Digital Twin with Al
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« Avirtual real-time model EE3LISCAJIERY

« Commission of a product virtually

before manufacturing fEi&EZHI, 7=
o EEIEIE

 Information which can be stored in the

Cloud or remote locations. BJLATE&TE
=iniE(VEPRAEE.

+ . :
Formation Incubation Growth /
40 : St e .
Stage Stage Stage / ot Parameters fixed
> w7 A }-L b3 a 1
e B kR for production
4 3 / /l
& | Albased N
Q\\ optimization Optimized result
AN
K 2D
& E engine
S 9 = =
. & . L, .
0 Digital Twin
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*Source: Digital twin in industry- state of the art, IEEE Trans. Ind. Infom. 2019 Al involved cyber-physical system
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Layered Powertrain Control System

4 ' UNIVERSITYOF

EB BIRMINGHAM

Power

Layer 4 — Cloud-based data storage
BEF=RIEH i

Layer 3 — Global"optimization (Cloud)

2R

Layer 2 — Online Learning (edge-
computing or onboard) {£&3%3

requirement

Feedforward
Control

A

Error Actuator
. Feedback command
Control _
Desired Liayer 1 — Classical controller
engine stat by e

Unit delay |

* Requirement originally identified by
Ford and solutions proposed by UoB

Actual engine states

A



4+ Key Drives and Enabling Technology
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Innovation &
Optimisation
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Cost and Speed
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Revolution&
Breakthrough
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Key Enablers Future Trend
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Multiple source data
fusion and predictive
control

SRR S TS

Merging of cyber
and physical Systems
BEEVERRESH

Merging of classical
optimisation with
online Al learning
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The electric powertrain system with the IC engine must be designed to achieve the best
and optimized performance and efficiency for all operating conditions at constrained

cost. This requirement cannot be met by using conventional engineering practice.
EF &N RIBEILEN ] 2R ARG REAREL A HREPSRM FETEaRAIRITHEZE
Kﬁﬁlﬁ?ﬁ@ﬁﬂ%ﬁﬂ%%%ﬁ%ﬁﬂgoE¢%§%$ﬁﬁﬁmﬁﬁlﬁﬁ%ﬁﬂo

flntelligent control systems are required for future electrified powertrain systems which\
is adaptive and eventually able to be self-learning. This control task will involve layered

subsystems at different levels involving the power unit, powertrain, vehicle and
environment although it can finally be integrated.

FENBININD 2R RRRESEIEH RS, ZRRYAEBEEN EHREEBHITEZES.
RERZEALIER, BUHZFHESEZRARRINNSEFRSR, HRiZkilNRT, N
B, ZEHFIIRIE, )

g )
The key enablers of the furfure control system will be the more advanced hardware, big
data and artificial intelligence. Al based digital twin technology will change the process

of product development and life-cycle performance of the electrified powertrain namely
the new propulsion system.
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