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・Efficiency
・Emission
・Drivability

■ Constraint for control:
Diver’s demanded power
unknown….

■ Modelability
■ Stochasticity/Randomness
■ Uncertainties

(Environment and physics)
■ Nonlinearity
■ Variation 

(aging, environment-depend)

Powertrain Control and Challenges 

Power
Demand

From TOYOTA
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History of Power Sources and Future Direction

Cugnot's Steam Carriage 
(1771, France) 

Porsche's EV 
(1900, Germany)

Tesla Roadstar 
(2008, U.S.A.)

NISSAN Leaf  
(2010, Japan)

TOYOTA Mirai 
(2014, Japan）

Benz
(1885, Germany)

MAN Diesel Truck 
(1924, Germany) 

TOYOTA Prius 
(1997, Japan)

Mitsubishi Outlander 
(2012, Japan) 

Electrification of powertrain has been revived through the increasing 
requirement toward zero CO2 and zero emissions.

Ref.; World History of the 
Automobile

(Erik Eckermann)

BEV, FCEV
HEV, PHEV

Electrification

ICE Gasoline

Diesel

Steam Engine

Provided by Toyota

1800 1850 1900 1950 2000 2050 2100

Diversified Power Source

Increasing actuators

Strengthening regulation

Complicity of system

⇒ Needs to Control
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Powertrain & Control: at Early Stage 

Power Source:
Steam engine

Governor:
Mechanical Control

Feedback 

Ballarat (Australia)
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Powertrain: “Computerized Machine”

Power Source:
Steam engine

Electrical
Control
Units

Combustion
Engine

Electric Motor
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New system+advanced control algorithm → complication

Turbo Charger

Exhaust Gas Recirculation

Lean Burn

ECU
(Electronic Control Unit)

Additional Systems, Sensors, Actuators 

complication

Advanced Controllers

Heavy computation load

Model Predictive Control

Online optimization

New System

Variable Compression To achieve high performance for New system→ECUperformance

Dr. J. Kako， TOYOTA

ECU Performance forced by Increasing Actuators



Synthesis
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Improving Efficiency: Approach from Control

Energy Efficiency

Analysis
Getting Physics and 
Behavior Description 

Once you get the physics right, the 
rest is mathematics.

--Rudolf  E. Kalman

Model-based? Model-free?

★Simplify, modify, developing…
★Experimental validation….



Full-scaled Engine 
Test Bench

(Sophia University, SHEN Lab.)
2005~

Supported by TOYOTA 

To get the physics



To validate real-time control

To control powertrain To imitate demand and environment


EV录屏3.9.5软件录制

本视频由湖南一唯信息科技开发的EV录屏软件录制，www.ieway.cn




EV录屏3.9.5软件录制

本视频由湖南一唯信息科技开发的EV录屏软件录制，www.ieway.cn





Power
Demand

ECU+Engine

V2

DYNA CTR

⇒ Traffic-in-the-loop
⇒ Route-Traffic scenario
⇒ P-distribution propagation

HEV Powertrian
+ Vehicle Model

Engine-in-the-loop for random traffic scenario 


EV录屏3.8.4软件录制

本视频由湖南一唯信息科技开发的EV录屏软件录制，www.ieway.cn
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Combustion Engines Hybrid Electric Powertrains

Extremal 
Seeking

Bayesian 
Learning

Hyperthesis
testing

Logical 
system

Extreme 
Learning 
Machine

Probability 
likelihood 

control

Receding 
Horizon 

optimization

Feedback 
Statistical
Control 

Learning 
boundary  
constrain 

Approximate 
optimal 
control

Adaptive 
and 

Learning

On-line 
Optimization

Improving Efficiency

CTR 
Design

Develop
Tools

Targeted 
Powertrains

Map-
learning
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“Optimization of automotive engines with traffic information”

Special Thanks to

Cross-ministerial Strategic Innovation Program

Grants-in-Aid for Scientific Research B

“On-board optimization algorithm for super lean burn engines”

The Research association of Automotive Internal Combustion Engines

“Control technology for the next generation engine”

“Control Technologies for Combustion Engine”



H. Di       F. Xu       Z. Xu     Y. Nishio B. Zhang H. Shi K. Zhao   Z. Xu               S. Inutsuka

M. Kang      J. Gao            Y. Wu M. Toyoda          J. Zhang

W. Jiang        Y. Zhang

PhD Candidates

PD Fellow

Visiting faculty Member (Former PhD, PD) 

Research Team



■ Background
■ Combustion Engine Control
■ Hybrid Electric Powertrain Control
■ Prospect: Further Research
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Combustion Engine Control
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-- Thermal Efficiency 
-- Knock probability
-- Combustion Quality 
-- Rejecting Variation 
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K -1 th cycle K +1 th cycle

Induction stroke

IVOi
K th cycle

Compression stroke Combustion stroke Exhaust stroke

BDCi（ｋ） TDCc（ｋ） BDCe（ｋ） TDCe（ｋ） BDCi（ｋ+1）

EVCeEVOeIVCi

　θ (Crank angle ）

Mt(k)
Mr(k)

Mt(k)
Mt(k)

Mt(k+1)

Controlling Combustion

--Misfire
--Knock

■ Abnormal combustion

■ Heat-release profile
--thermal efficiency






Challenges in Combustion Control

TDC                Crank angle

■ Heat Release Rate

🔵🔵 Sparking Timing Efficiency

Engine System

Throttle Opening

Rotational Speed

Air flow

Exhaust Gas

Cylinder

Intake valve Ehxaust Valve

Intake Manifold

🔵🔵 EGR rate

🔵🔵 Variable Valve timing

● Fuel Injection

● Throttle Opening

■ Misfire

■ knock

■ Imbalance (Variation)

Thermal Efficiency
Control s.t.

probability 0f abnormal combustion < B
(Combustion quality > A)  

■ Residual gas fractionCrank
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Measuring Combustion

Manifold Pressure

Intake 
manifold

Air mass 
flow

Exhaust gas

In-Cylinder
Pressure
Measurement

Speed of crank

Model-based 
calculationCrank Angle (deg)
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Uncertainty and Stochasticity in Combustion
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Model-based or Model Free?

:
:

Mass Mass Mass
Energ Energ Energ

Efficiency Efficiency
Efficiency

Quality
Quality Quality

 Dynamical model

 Statistical Model  (Probability transient model)

Model-based control theory

Controlled Markov process, game, 
decision theory

Physics:
mass, energy, etc transient cycle-to-cycle

Engine

 Dynamic model---Difficult
 Stochastic model—

Stochastic disturbance propagation?

 Model-free Control based on Measuring

PDF

PDF
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To improve efficiency by on-board control

Rejection C2C Variation

Seeking optimal 
Sparking Time

Handling
knock 

probability 

Learning 
Boundary 

Seeking  
Extrema

Control Residual 
Gas

Managing 
Statistic Index

Map-learning
VVT

Learning boundary 
for sparking

Estimate knock 
probability

Cas
e 1

Cas
e 2

CA50CA50*

Efficiency, knock intensity, 
Combustion phase

①

⑤

③

④

②



1-1．Fundamentals of Extremum Seeking
Let 𝑢𝑢 ∈ 𝑼𝑼, 𝑼𝑼 is convex, 𝜉𝜉 is the disturbance, 
𝑓𝑓 𝑢𝑢 is the unknown objective function,
measurements: 𝐹𝐹 𝑢𝑢, 𝜉𝜉 = 𝑓𝑓 𝑢𝑢 + 𝜉𝜉(𝑢𝑢),

Find the optima which can maximize 𝑓𝑓 𝑢𝑢 : 
𝑢𝑢∗ = arg max

𝑢𝑢∈𝑼𝑼
𝑓𝑓 𝑢𝑢

 Extremum Seeking 
ES is a control system which is used to 
determine and maintain the extremum 
value of a function.
 Stochastic Approximation-based ES
 Adaptive ES 

Plant𝑢𝑢 𝑦𝑦

𝜉𝜉
𝐹𝐹(𝑢𝑢, 𝜉𝜉)

𝑓𝑓

Extremum 
Seeking

Controller
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CA50-η distribution before SA extremum seeking
CA50-η distribution after SA extremum seeking

Experimental condition: Throttle: 8 
deg., Speed: 1200 rpm, Water temp.: 
100 ℃

Experimental condition: Throttle: 8 deg., Speed: 
1200 rpm, Water temp.: 100 ℃

Tan & Nešić 2006, 2009



Plant
𝑢𝑢 𝑦𝑦

𝜉𝜉The system

𝐹𝐹(𝑢𝑢, 𝜉𝜉)
𝑓𝑓

1-2. Stochastic approximation-based Extremum Seeking

𝑢𝑢𝑘𝑘+1 = 𝑢𝑢𝑘𝑘 + 𝑎𝑎𝑘𝑘 ⋅ 𝛻𝛻𝑢𝑢𝑓𝑓 𝑢𝑢𝑘𝑘 (1)

 Gradient Descent 

𝛻𝛻𝑢𝑢𝑓𝑓 𝑢𝑢𝑘𝑘 =𝐹𝐹 𝑢𝑢𝑘𝑘+𝑐𝑐𝑘𝑘,𝜉𝜉 −𝐹𝐹 𝑢𝑢𝑘𝑘−𝑐𝑐𝑘𝑘,𝜉𝜉
2𝑐𝑐𝑘𝑘

(2)
𝑢𝑢𝑘𝑘 → 𝑢𝑢∗ a.s. as 𝑘𝑘 → ∞

James C. Spall, Introduction to stochastic search and optimization: estimation, simulation, and control, 2005

Gradient

𝑢𝑢

𝐹𝐹

𝑢𝑢𝑘𝑘
𝑢𝑢𝑘𝑘 − 𝑐𝑐𝑘𝑘

𝑢𝑢𝑘𝑘 + 𝑐𝑐𝑘𝑘

Finite difference 

 Gradient Approximation 
■ Result on convergence

 Finite Difference SA (FDSA)

A1. Gain sequence: 
𝑎𝑎𝑘𝑘 > 0, �

𝑘𝑘=1

∞

𝑎𝑎𝑘𝑘 = ∞, �
𝑘𝑘=1

∞

𝑎𝑎𝑘𝑘2 < ∞, 𝑐𝑐𝑘𝑘 > 0, �
𝑘𝑘=1

∞

𝑎𝑎𝑘𝑘𝑐𝑐𝑘𝑘 < ∞,�
𝑘𝑘=1

∞

⁄𝑎𝑎𝑘𝑘2 𝑐𝑐𝑘𝑘2 < ∞

A2. Unique minimum 𝑢𝑢∗

A3. Mean-zero and finite variance noise 𝜉𝜉
A4. Bounded Hessian matrix (if multi-variable)
Suppose that A1-A4 hold. Then, for FDSA according to (1) and (2),  



1-3. Seeking Extremal Spark Timing

• Control input (actuator):  SA: spark-timing
𝜂𝜂: thermal efficiency• Control output:  

• Measurement:  CA50: crank angle of 50% fuel burnt

SA

CA50

CPS

Prius 2ZR-FSE engine

1200rpm, 40Nm, SA=20deg.BTDC
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𝜂𝜂 = 𝛼𝛼 ⋅ 𝐶𝐶𝐶𝐶502 + 𝛽𝛽 ⋅ 𝐶𝐶𝐶𝐶50 + 𝛾𝛾 + 𝝃𝝃𝐶𝐶𝐶𝐶50 = 𝑎𝑎 ⋅ 𝑆𝑆𝐶𝐶 + 𝑏𝑏 + 𝜻𝜻
SA-CA50 statistical causality: 𝜂𝜂-CA50 statistical causality:



1-4. Experimental Validation

Throttle angle: 12 deg., @1200rpm, lean mode: lambda=1.2

SA

c

C
A5

0
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fic
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Cycle

CA50
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fic

ie
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y 
(%

)

CA50

Ef
fic

ie
nc

y 
(%

)
--Y. Zhang, J. Gao, T. Shen, Probabilistic Guaranteed Gradient Learning-
Based Spark Advance Self-Optimizing Control for Spark-Ignited Engines, 
IEEE Trans on Neural Networks and Learning Systems, 2018. 

--Global Patent with Toyota, 2018



2-1. On-line Map Learning

• Convergence (safety, reliability)
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• Approximation of a continues function with discretized grids

o Engine operating state is continues

Engineering 
Problem

Function 
Approximation

Model Parameter 
Estimation

Interpolation 
Model

x1

x2

𝛹𝛹

𝑖𝑖, 𝑗𝑗
𝑖𝑖, 𝑗𝑗 + 1

𝑖𝑖 + 1, 𝑗𝑗

𝑖𝑖 + 1, 𝑗𝑗 + 1

𝜃𝜃1

𝜃𝜃2
𝜃𝜃3

𝜃𝜃4

𝒖𝒖
𝒗𝒗

𝑖𝑖 + 𝑢𝑢, 𝑗𝑗 + 𝑣𝑣, 𝜃𝜃
𝛹𝛹(𝑖𝑖 + 𝑢𝑢, 𝑗𝑗 + 𝑣𝑣)

Bilinear interpolation
𝛹𝛹 𝑖𝑖 + 𝑢𝑢, 𝑗𝑗 + 𝑣𝑣 = 𝜙𝜙 𝑇𝑇 𝑢𝑢,𝑣𝑣 𝜽𝜽

=

1 − 𝑢𝑢)(1− 𝑣𝑣
)𝑢𝑢(1− 𝑣𝑣

𝑢𝑢𝑣𝑣
(1 − 𝑢𝑢)𝑣𝑣

𝑇𝑇 𝜃𝜃1
𝜃𝜃2
𝜃𝜃3
𝜃𝜃4

2-D

• Interpolation Model: 
Extensible, Robust, Flexible

Extend to n-D
……
……



2-2. Learning Algorithm

Observation: 

Model: 

{𝒙𝒙𝑘𝑘, 𝑦𝑦𝑘𝑘}, 𝑘𝑘 = 1,2, … ,𝑁𝑁

𝛹𝛹(𝒙𝒙) = 𝜙𝜙𝑇𝑇(𝒙𝒙) ⋅ 𝜽𝜽
𝜽𝜽 = 𝜃𝜃1,𝜃𝜃2, … ,𝜃𝜃𝑁𝑁𝜃𝜃

𝑇𝑇

Noise: 𝑤𝑤𝑘𝑘 𝑦𝑦𝑘𝑘+1 = 𝜙𝜙𝑘𝑘𝑇𝑇 𝒙𝒙 ⋅ 𝜽𝜽𝑘𝑘 + 𝑤𝑤𝑘𝑘+1

Unknown model parameter:  
𝜽𝜽𝑘𝑘=𝜽𝜽𝑘𝑘−1+∆𝑘𝑘 ∆= 0 : time-invariant

∆≠ 0 : time-varying

Model structure:
𝜙𝜙(𝒙𝒙) is a known interpolation model

𝜕𝜕𝐽𝐽𝑘𝑘
𝜕𝜕𝜽𝜽 = −𝜙𝜙𝑘𝑘 𝑦𝑦𝑘𝑘 − 𝜙𝜙𝑘𝑘𝑇𝑇𝜽𝜽

𝜽𝜽𝑘𝑘+1 = 𝜽𝜽𝑘𝑘 − 𝛾𝛾𝑰𝑰𝑁𝑁𝜃𝜃×𝑁𝑁𝜃𝜃 ⋅
𝜕𝜕𝐽𝐽𝑘𝑘
𝜕𝜕𝜽𝜽

Stochastic Gradient-based Algorithm

Stochastic event: 0,1,2,…

Target Map: 𝑋𝑋 → 𝑌𝑌
Sample: 𝒙𝒙𝑘𝑘 → 𝑦𝑦𝑘𝑘

Target Map:
𝑋𝑋 → 𝑃𝑃𝑃𝑃(𝑒𝑒𝑣𝑣𝑒𝑒𝑒𝑒𝑒𝑒)

Sample: 𝒙𝒙𝑘𝑘 → 𝑒𝑒𝑣𝑣𝑒𝑒𝑒𝑒𝑒𝑒𝑘𝑘

Stochastic Gradient-
based Algorithm

Bayesian-based Map 
Learning of Stochastic 

Event Probability

J. Gao, Y. Zhang, T. Shen, 
IEEE/ASME Trans on Mechatronics, 2017

Y. Zhang, X. Shen, Y. Wu, T. Shen,
International Journal of Engine Research, 2019



2-3 Learning combustion phase with varying boundary 
 Knock Probability Constrained Optimal Combustion Control  

http://info.auto-m.hc360.com/2011/02/160827281195.shtml

Abnormal combustion: Knock

• Maximize efficiency
• Satisfy knock risk

 Purpose: combustion quality improvement

𝑝𝑝 = Pr[𝑘𝑘𝑘𝑘 = 1]

𝑝𝑝𝑡𝑡𝑡𝑡𝑡

𝐶𝐶𝐶𝐶50

𝜂𝜂 𝑝𝑝

𝑝𝑝 < 𝑝𝑝𝑡𝑡𝑡𝑡𝑡

𝜴𝜴 = 𝐶𝐶𝐶𝐶50| 𝑝𝑝 < 𝑝𝑝𝑡𝑡𝑡𝑡𝑡

Case 2
Case 1

𝐶𝐶𝐶𝐶𝐶𝐶𝜂𝜂

𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪∗

Ef
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ie
nc

y

K
no

ck
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ro
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y

‘Risk for Win’: making tradeoff 
between benefit and risk 

𝜴𝜴 = 𝐶𝐶𝐶𝐶50| 𝑝𝑝 < 𝑝𝑝𝑡𝑡𝑡𝑡𝑡

𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪∗ = arg max
𝐶𝐶𝐶𝐶50∈𝜴𝜴

)𝜂𝜂(𝐶𝐶𝐶𝐶50

• Challenges: optimal values of controllable
variables, and physical constraints change due
to different fuel qualities, environment
variations, engine aging, etc.



2-3. Experimental Validation

𝜼𝜼-MAP is slightly updated

Stochastic Gradient-based Efficiency Map Learning
Bayesian-based Map Learning of 

Knock Event Probability



2-4. From the bench panel

Bayesian-based Map Learning of Knock Event 
Probability



2-5. Convergence of the learning
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Learning process at gird: 0.7bar, 1200rpm 
Grid:

x1

x2
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𝑖𝑖, 𝑗𝑗 + 1
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𝑖𝑖 + 1, 𝑗𝑗 + 1

𝜃𝜃1

𝜃𝜃2
𝜃𝜃3

𝜃𝜃4

𝒖𝒖
𝒗𝒗

𝑖𝑖 + 𝑢𝑢, 𝑗𝑗 + 𝑣𝑣, 𝜃𝜃
𝛹𝛹(𝑖𝑖 + 𝑢𝑢, 𝑗𝑗 + 𝑣𝑣)



3-1. Knock probability estimation and control
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 Data
Knock event• Measured by knock intensity (KI)

• knock event and non-knock event can 
have same KI values

How to detect knock event with knock
intensity signal■

How to estimate probability of knock■
How to detect boundary■

How to control know probability■

→ Mixed Gaussian distribution

→ Beta-distribution+Baysian-based learning

→ Beta-distribution+Baysian

→ Likelihood control

→ Global Patent with Toyota, 2018

→ K. Zhao, Y. wu, T. Shen, IEEE CST, 2019(app), ITE 2019

→ Global Patent with Toyota, 2019

→ IEEE CST, 2017, 2018
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Assumption: 
Knock probability satisfies Beta-distribution

𝑏𝑏𝑒𝑒𝑒𝑒𝑎𝑎(𝜃𝜃|𝛼𝛼,𝛽𝛽) = 1
𝐵𝐵 𝛼𝛼,𝛽𝛽

𝜃𝜃𝛼𝛼−1 1 − 𝜃𝜃 𝛽𝛽−1𝐼𝐼(0,1)

• where
𝐵𝐵 𝛼𝛼,𝛽𝛽 = Γ 𝛼𝛼 Γ(𝛽𝛽)

Γ(𝛼𝛼+𝛽𝛽)
,  

Γ 𝛼𝛼 = ∫0
+∞𝑑𝑑𝛼𝛼−1𝑒𝑒−𝑥𝑥𝑑𝑑𝑑𝑑

 Expectation: 𝐸𝐸(𝜃𝜃) = 𝛼𝛼
𝛼𝛼+𝛽𝛽

Knock Probability Estimation Update:
Prior distribution:              𝐵𝐵𝑒𝑒𝑒𝑒𝑎𝑎(𝜃𝜃|𝛼𝛼,𝛽𝛽)
Posterior distribution:       𝐵𝐵𝑒𝑒𝑒𝑒𝑎𝑎(𝜃𝜃|𝑘𝑘 + 𝛼𝛼, 𝑒𝑒 − 𝑘𝑘 + 𝛽𝛽)

Numerical Estimation, integral are not required

3-2. Knock probability estimation and control

Knock Probability Estimation:
 Bayesian method

𝑝𝑝 𝜃𝜃 𝑋𝑋 =
𝑓𝑓 𝑋𝑋 𝜃𝜃 𝑝𝑝(𝜃𝜃)

∫Θ 𝑓𝑓 𝑋𝑋 𝜃𝜃 𝑝𝑝 𝜃𝜃 𝑑𝑑𝜃𝜃

• 𝑝𝑝(𝜃𝜃):  Prior distribution of 𝜃𝜃, 𝑏𝑏𝑒𝑒𝑒𝑒𝑎𝑎(𝜃𝜃|𝛼𝛼,𝛽𝛽)

• Likelihood function
𝑓𝑓 𝑋𝑋 𝜃𝜃 = 𝑒𝑒

𝑘𝑘 𝜃𝜃𝑘𝑘(1 − 𝜃𝜃)𝑛𝑛−𝑘𝑘

The observation 𝑋𝑋, 𝑋𝑋 =
{𝑑𝑑1, … , 𝑑𝑑𝑛𝑛}, 𝑑𝑑 ∈ {0,1}
(𝑘𝑘 ‘knock’s in 𝑒𝑒 engine cycles)

• 𝑝𝑝 𝜃𝜃 𝑋𝑋 : Posterior distribution of 𝜃𝜃, 
𝐵𝐵𝑒𝑒𝑒𝑒𝑎𝑎(𝜃𝜃|𝑘𝑘 + 𝛼𝛼, 𝑒𝑒 − 𝑘𝑘 + 𝛽𝛽)



Overly retarded initial SA Overly advanced initial SA

• Experiment Conditions: 1200 [rpm] 70[Nm], Toyota L4 SI engine (2ZR-FXE)
• Control is enabled at the 300th cycle
• SA is shown in relative value, 𝑆𝑆𝐶𝐶 = 0 [𝑑𝑑𝑒𝑒𝑑𝑑] where knock probability is at 𝑝𝑝𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = 1%

3-3. Experimental validation



 Step 1: 
Probability Estimation

 Step 2: 
Decision SA
 Likelihood ratio test

𝜆𝜆 =
𝑝𝑝𝑡𝑡𝑡𝑡𝑡𝑡𝑘𝑘 (1 − 𝑝𝑝𝑡𝑡𝑡𝑡𝑡𝑡)𝑛𝑛−𝑘𝑘

𝑝𝑝𝑡𝑡𝑒𝑒𝑡𝑡𝑘𝑘 (1 − 𝑝𝑝𝑡𝑡𝑒𝑒𝑡𝑡)𝑛𝑛−𝑘𝑘

 Given a threshold 
𝜆𝜆𝑇𝑇 ∈ (0,1) for likelihood ratio 𝜆𝜆

 Step 3: SA Adjustment

3-2. Control Scheme

• SA which leads to 1% knock probability is set as 
borderline (0 point of Relative SA in histogram)

• Histogram plots SA dispersion from 1500th cycle 
(white section in left plot)

Case Initial SA Initial 𝛼𝛼 Initial 𝛽𝛽 Relative SA Mean 
Relative SA 
Std 

Knock Probability

Overly 
Retarded Start

Beta1 11.5 1 99 0.4267 0.3001 0.0093

Beta2 11.5 2 198 0.4860 0.2437 0.0093

Beta3 11.5 4 396 0.1701 0.2667 0.0087

Operating Condition

Engine Speed [rpm] 1200

Throttle Angle [degree] 13

Torque [Nm] 70

SA leads to 1% Knock Probability [BTDC] 13.5



4-1. RGF Control: Stochastic Logical Transient System Theory

■Logical System

■Optimal Control

Throttle Opening

Rotational Speed

Air flow

Exhaust Gas

Cylinder

Intake valve Ehxaust Valve

Intake Manifold

Logical 
Control

■Residual Gas Fraction Regulation
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Y. Wu, T. Shen, IEEE CST, 2017, 
Contr. Sys. Lett 2016
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Optimal VVT with filter

4-2. Experimental  Result
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プレゼンター
プレゼンテーションのノート
三种情况下的RGF的分布的分析，



Fuel 
injection
Control 

Spark 
advance
Control

Moving 
Average

Moving 
Average

Air-fuel 
Ratio

Control 

Cyclic
In-cylinder

Pressure
Analysis

of 4
Cylinders,
𝒊𝒊 = 𝟏𝟏,𝟐𝟐,𝟑𝟑,𝟒𝟒

Extremum 
Seeking

𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰#𝒊𝒊

𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪#𝒊𝒊

𝜼𝜼#𝒊𝒊

𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝒓𝒓𝒓𝒓𝒓𝒓

𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝒓𝒓𝒓𝒓𝒓𝒓

𝑺𝑺𝑪𝑪#𝒊𝒊

𝑺𝑺𝑪𝑪𝑰𝑰𝑺𝑺

𝑺𝑺𝑪𝑪#𝒊𝒊
𝒓𝒓𝒇𝒇

𝑭𝑭𝒖𝒖𝒓𝒓𝑭𝑭#𝒊𝒊
𝒓𝒓𝒇𝒇 𝑭𝑭𝒖𝒖𝒓𝒓𝑭𝑭#𝒊𝒊

𝑭𝑭𝒖𝒖𝒓𝒓𝑭𝑭𝒓𝒓𝒓𝒓

Operating 
condition

𝝀𝝀𝒓𝒓𝒓𝒓𝒓𝒓

𝝀𝝀𝒎𝒎𝒊𝒊𝒙𝒙
�̇�𝒎𝒂𝒂𝒊𝒊𝒓𝒓

Pressure of all cylinders

Hypothesi
s test 

control

5-1. Statistical Control：On-line application of Hypothesis Test

Test procedure

• Stating hypothesis,

𝐻𝐻0: 𝜇𝜇 = 𝜇𝜇0 𝐻𝐻1: 𝜇𝜇 = 𝜇𝜇1
• One sample t statistic,

𝑒𝑒 =
�̅�𝑑 − 𝜇𝜇0
𝑠𝑠/ 𝑒𝑒

~ 𝑒𝑒(𝑒𝑒 − 1)

• Find P-value:

𝑃𝑃 𝑇𝑇 ≤ −𝑒𝑒&𝑇𝑇 ≥ 𝑒𝑒 = 2𝑃𝑃(𝑇𝑇 ≥ |𝑒𝑒|)
• Decisions (given a significance level 𝛼𝛼):

 If  𝑃𝑃 ≤ 𝛼𝛼, Reject 𝐻𝐻0
 If  𝑃𝑃 ≥ 𝛼𝛼, Reject 𝐻𝐻1

• Population of  a random variable 𝑋𝑋 has a normal distribution with unknown population 
mean 𝜇𝜇 and variance 𝜎𝜎2, i.e., 𝑋𝑋 ~ 𝒩𝒩(𝜇𝜇,𝜎𝜎2)

• The sample mean �̅�𝑑, variance 𝑠𝑠2

�̅�𝑑 = 1
𝑛𝑛 ∑𝑖𝑖=1

𝑛𝑛 𝑥𝑥𝑖𝑖
, 𝑠𝑠2 = ∑(𝑥𝑥𝑖𝑖−�̅�𝑥)

𝑛𝑛

--J. Gao, Y. wu, T. Shen. Mechanical Systems & Signal Processing, 2018
--Global patent woth TOYOTA 2018
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5-2. Statistical Control：On-line application of Hypothesis Test



Point

𝑪𝑪𝑪𝑪𝑪𝑪𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰(%
)

(With ctrl
𝝀𝝀 = 𝟏𝟏.𝑪𝑪𝑪𝑪)

𝑪𝑪𝑪𝑪𝑪𝑪𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰(%
)

(Open loop 
𝝀𝝀 = 𝟏𝟏.𝑪𝑪𝑪𝑪)

𝒓𝒓𝑪𝑪𝑪𝑪𝑪𝑪 Overall

1 1.80 2.37 0.76

0.7267

2 1.02 1.24 0.82

3 0.85 1.52 0.56

4 1.32 1.74 0.76

5 1.22 1.67 0.73

6 1.65 1.98 0.83

7 1.11 1.91 0.58

8 2.46 2.89 0.85

9 0.89 1.37 0.65

Point

Baseline 
𝜼𝜼𝒇𝒇(%)

(Open loop
𝝀𝝀 = 𝟏𝟏)

𝜼𝜼𝒐𝒐(%)
(Open loop 
𝝀𝝀 = 𝟏𝟏.𝑪𝑪𝑪𝑪)

𝜼𝜼𝒄𝒄(%)
(With
control
𝝀𝝀 = 𝟏𝟏.𝑪𝑪𝑪𝑪)

∆𝜼𝜼(%)
(𝜼𝜼𝒄𝒄 − 𝜼𝜼𝒇𝒇)

Overall 
∆𝜼𝜼 (%)

1 30.16 34.96 35.15 4.99

4.98

2 30.63 35.50 35.56 4.93

3 33.30 36.63 36.95 3.65

4 29.59 35.35 35.44 5.85

5 30.98 36.44 36.51 5.53

6 33.63 36.82 36.92 3.29

7 31.02 37.92 37.93 6.91

8 32.23 37.29 37.42 5.19

9 34.13 38.56 38.57 4.44

Efficiency enhancement evaluationVariation restrain evaluation

• Performance evaluations



Hybrid Electric Powertrain Control
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-- Real-time Optimization of Consumption 
-- Receding Horizon with Demand Prediction



4

VehiclePowertrain
Energy 

Manageme
nt

Speed

Wheels Torque
Request

Environment Environment 

Constraint: Satisfying demanded power is a fateful constraint for powertrain control

HEV Powertrain Control: Minimizing Energy Consumption

■ Predict Vehicle’s behavior
■ Demanded Power?

Optimization along the system 
trajectory



43

Efficiency in Powertrain

From Dr. Sasaki
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■ Total torque must satisfy demand
Parallel hybrid electric powertrain

■ Rotational speed of engine and motor 
can be changed by gear ratio
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■ By select one of the torque and gear ratio, the efficiency will be change…. 

H Torque
L Spd

H Torque
H Spd

L Torque
L Spd

L Torque
H Spd

Rule-
based



On-line optimization: Receding Horizon Control

Scenario learning

ELM

-- Dynamical model
-- Physical constraint (Power constraint)
-- SoC Management Constraint
-- External Demand constraint

ARMA model for prediction

GPR+Baysian estimation



rolling resistance aerodynamic drag

In this equation, Tdrive (driving torque) and θ (road slope) are 
the external inputs to the vehicle system 

Battery power:

Power-split HEV:

Parallel HEV:

Dynamical Model
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Solver 1: C/GMRES (on-line solve pontryagin)
 Cost function

Lev Semenovich Pontryagin
1908-1988

 Constraint condition

 If                 is the solution, then 

Hamiltonian

Discretization of the optimality condition (N-
steps                  )

 Equivalently,



 Single Shooting-based Prediction

Sequential-Quadratic Programing

KKT:  Karush-Kuhn-Tucker Condition

Solver II: Multiple-shooting



Regular Driving

Jam Driving

slope θ=0;
ωemax=4000[rpm], 
ωgmin=2000[rpm];
SoC(0)=0.9;

T=5[s], δτ=0.01[s];

Validation

Receding Horizon Control 
Algorithm Example Algorithm

Final
SoC[-]

Fuel 
Consumptio

n[g]

Sd[%
]

Final
SoC[-]

Fuel
Consumptio

n[g]

Sd[
%]

Standard
City
Driving

Regul
ar

0.494
2 398.95 92.7 0.5203 570.5

10
0Jam 0.485

8 496.78 96.5 0.5066 909.6

Driving with
Highway

0.470
9 567.7 91.8 0.5087 764.8

 Realtimeness Testing on dSPACE

 Testing Results on GT-SUIT

Driving cycle with part of highway driving

J. Zhang, T. Shen, IEEE CST, 2016
Patent with NISSAN, 2015



 Standard city driving cycle (regular driving) 

Acceleration performance is weak due to the limitation of the engine 
power when the emergency mode is activated

Alpha-speed



On-line Optimization with Connectivity
 Framework of V2X-based EMS for Connected HEVs 

Energy Management 
Strategy

Torque Demand 
Prediction

Extreme Learning Machine 
(ELM),

Gaussian Process 
(GP)

MPC, etc.

Zhang, J., Xu, F., Zhang, Y., & Shen, T. ELM-based driver torque demand prediction and real-time optimal energy management strategy for 
HEVs. Neural Computing and Applications, 1-19, 2019



ELM-based Torque Demand Prediction 

…

…

𝒙𝒙 ∈ 𝑅𝑅𝑛𝑛𝑖𝑖×1

𝑎𝑎1,1

𝑑𝑑1

𝑑𝑑𝑛𝑛𝑖𝑖

𝑑𝑑𝑖𝑖

𝑎𝑎𝑛𝑛𝑖𝑖,1

𝑎𝑎1,𝑗𝑗

𝑎𝑎𝑛𝑛𝑖𝑖,𝑗𝑗

…

𝑎𝑎1,𝑛𝑛ℎ
𝑎𝑎𝑛𝑛𝑖𝑖,𝑛𝑛ℎ 𝒘𝒘 ∈ 𝑅𝑅𝑛𝑛ℎ×1

𝑤𝑤𝑗𝑗

𝑤𝑤1

𝑤𝑤𝑛𝑛ℎ

𝒇𝒇 ∈ 𝑅𝑅𝑛𝑛ℎ×1
𝒂𝒂𝑗𝑗 ∈ 𝑅𝑅𝑛𝑛𝑖𝑖×1

𝒂𝒂𝑗𝑗𝑇𝑇𝒙𝒙 𝑏𝑏1

𝒂𝒂𝑗𝑗𝑇𝑇𝒙𝒙

𝒂𝒂𝑛𝑛ℎ
𝑇𝑇 𝒙𝒙

𝑏𝑏𝑗𝑗

𝑏𝑏𝑛𝑛ℎ

�

ℎ𝑗𝑗(𝒂𝒂𝑗𝑗𝑇𝑇𝒙𝒙 + 𝑏𝑏𝑗𝑗)
Feature mapping function ℎ𝑗𝑗:

𝑓𝑓 𝒙𝒙 = �ℎ𝑗𝑗𝑤𝑤𝑗𝑗

Input layer Feature mapping layer Output layer

Input weights Output weightsBiases

 Basic ELM model structure 

The trained parameter: Output weights

 Chained ELM for Multi-Step-Ahead Prediction

…

…

…

…

… …

……

Huang, G. B., Zhu, Q. Y., & Siew, C. K. Neurocomputing, 2006.



Validation with traffic simulator
 Model Training  Model Testing

Traffic scenario map in CarMaker

30 groups of scenarios for training and testing
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Powertrain Level Optimization in HEVs
 Traffic-in-the-Loop Validation: EMS with ELM-based Torque Demand Prediction

V2V & V2I Ego Vehicle Simulink

V2V&V2I
& Driver

Drive torque

Traffic Light Mode [-]

Traffic Light Time [s]

Proceeding Vehicle Spd [km/h]

Distance to Next Junc.[m]

Vehicle Speed[km/h]

Gas Pedal [-]

Distance to Preceding Vhl [m]

Brake Pedal [-]
SOC [-]

FC rate [g/s]

Eng & MotSpeed [-]

Delt Trq [Nm]

Demd Trq [Nm]

Traffic Scenario

ELM&CTRL&PT



 With one-step ahead prediction data, the cost efficiency has little improvement;
 The cost efficiency could benefit from a longer prediction horizon by V2X information.

Traffic-in-the-Loop Validation: EMS with ELM-based Torque Demand Prediction
1

2



Prospect: Further Research
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-- Completely Model-free Learning of Optimal Control
-- Connected Powertrain Control



1

Learning-based Approximate Optimal
□ Control Plant

□ Optimization Problem

□ Cost Function

□ Value Function

Let Quadratic Form on Control Input

is value function, iff

equivalently,

Furthermore, the optimal control is given by

Fundamental Theorem



Approximation: Policy Iteration and Learning

□ Policy iteration

stabilizing controller

□ Neural Network-based Approximation

Residual error

■ LS algorithm

 Galerkin spectral approximation method

 Neural network approximation method
--Randal Beard & Saridis, Automatica, ‘97

--Abu Khalaf & Lewis, Automatica, ‘05
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New Challenge: Completely Model-free Solution

LS

Learning-Policy Iteration

…

No need model

…

🔵🔵 Model
-- Structure: Nonlinear Affine
-- Unknown 

🔵🔵 Policy-Iteration
🔵🔵 Two NN Approximation
🔵🔵 Guaranteed Convergence
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1
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𝑑𝑑12 + 𝑑𝑑22

𝑢𝑢∗ = − sin 𝑑𝑑1 𝑑𝑑2

Jiang & Jiang, Automatica, ‘12
Luo & Wu & Huang & Liu,Automatica, ‘14



𝐽𝐽0 𝑒𝑒 = 1.18
𝐽𝐽3 𝑒𝑒 = 0.98
𝐽𝐽12 𝑒𝑒 = 0.82

• �̇�𝑝𝑚𝑚 = 𝑅𝑅𝑇𝑇𝑚𝑚
𝑉𝑉𝑚𝑚

�̇�𝑚𝑖𝑖𝑛𝑛 − �̇�𝑚𝑜𝑜𝑢𝑢𝑡𝑡

• 𝐽𝐽�̇�𝜔 = 𝜏𝜏𝑡𝑡 − 𝜏𝜏𝑓𝑓 − 𝜏𝜏𝑙𝑙

�̇�𝑚𝑜𝑜𝑢𝑢𝑡𝑡 = 𝜌𝜌𝑖𝑖𝑛𝑛𝜂𝜂𝑣𝑣(𝑝𝑝𝑚𝑚,𝜔𝜔𝑡𝑡)
𝑉𝑉𝑑𝑑
𝑁𝑁
𝜔𝜔𝑡𝑡
2𝜋𝜋

�̇�𝑚𝑖𝑖𝑛𝑛 = ga

Throttle Opening

Rotational Speed

Air flow

Exhaust Gas

Cylinder

Intake valve Ehxaust Valve

Intake Manifold

New Challenge: Completely Model-free Solution
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V2C

V2I
V2C

Power Demand Real-time 
Optimization &  

Control Algorithm

ECU

Vehicl
e

Powertra
in

Energy 
Manage

ment

Speed

Wheels Torque
Request

Environment 

Control Vehicles with Efficiency Consideration

- Fixed Distance, free time, 
- fixed end-point
- Saving time and energy
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http://shenlab.jp/en/
Connectivity Provides New Paradise for Control



ENG
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Thank you!

Welcome to Tokyo
SICE Annual Conference, 09, 2021
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