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Energy Storage System (ESS) state management:
* Real time: Charge depletion & sustaining approach (plug-in hybrids)

“
100%
X setpoint ch i 5
arge sustaining: Over- - ver-
0% night Charge sustaining night
charging charging
0 Temps(s)

Obijective: maximum benefits from a « huge » battery

1) ESS depletion (possibly pure electric mode):
* No local emission
+ Take care of battery aging

2) Charge sustaining in hybrid mode:
« Better efficiency than a conventional car
* Vehicle range similar to conventional car

-3) Over-night charging:
~—«_ Low cost
S. Delp rat Electric-network usage 4



HEV energy management APPC 201

Energy Storage System (ESS) state management:

* Real time: Charge sustaining approach (micro — full hybrids)

X

X setpoint

0 T Time(s)

Perfect ESS state control => No battery current

No battery current => No electric machine usage => pure electric mode

[ Conclusion : Need a “good” compromise between ESS state regulation and fuel ]
- |_consumption optimization
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Generally speaking, one should define the desired real time behavior:

* Micro Hybrids
Small Energy Storage System capacity (e.g. supercapacitor)
=> don’t care about the value of the ESS state
The energy stored is insignificant with respect to the ICE energy

=> BUT ensure that it does not reach the limits
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Generally speaking, one should define the desired real time behavior:

* Full & Mild Hybrid & (Plug-in in charge sustaining)
= SOC regulation
= Careful choice of the SOC target, adapt according to speed
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Introduction

@S & digital maps

\ can be derived

May sounds a good idea, but:
» GPS signal are not really accurate in towns (urban canyon, multi-path

* Maps helps but may becomes outdated

» The driver should not have to enter his trip before using the car
= The control strategy be able work without GPS

= Nevertheless, even if implementation is difficult, some nice inform
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ECMS family
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ECMS family

Vehicle speed (km/h Vehicle speed (km/h
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1st approach : Regression over optimal data set

Idea: The optimal control results explain how the real time controller
should react to some driving conditions.

If optimal results are generated for all possible driving conditions, then
these results contains the whole knowledge about the HEV optimal
control.

How to capture this “knowledge”: Neural Network, Fuzzy systems

Knowledge Base
Data Base + Rule Base

RA-1F X1 Is 0 and X2 is B1 THEN Y is €1 Rule

R2:1F X2 is A2 and X2 is B2 THEN ¥ is C2

R3:IF X3 is A3 and X2 is B THEN Y is €3 Base

Fuzzification Defuzzification
3 — % —
Input interf. L eSSy Sl Qutput interface
Data
Base
A — A

/ www.heatonresearch.com/
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Regression based algorithms  =verec 2or2c.

Step 1 : generate optimal control for a wide range of driving cycle & Initial Soc
/Scordial & al. 2009/ / Taghavipour, Foumani, & Boroushaki, 2012/

Optimal control
(Simulation)

1&\
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Regression based algorithms  =verec 2or2c.

Step 2 : Chose an arbitrary control structure and perform off-line regression
/Scordial & al. 2009/ / Taghavipour, Foumani, & Boroushaki, 2012/

“Optimal control”
= expected control

- Chosen Model Parameters
i i J (Fuzzy rule Neural adaptation
Network, (e.g. gradient

Polynomial, etc.) based methods)  §




Regression based algorithms  =verc 2o12<.

) ) ) /Scordial & al. 2009/ / Taghavipour, Foumani, & Boroushaki, 2012/
Step 3 : Online implementation

Battery energy consumption
T,,, setpoint
Fuel consumption
Tice

setpoint

Vehicle output

Engaged gear

Chosen Model
(Fuzzy rule Neural

Vehicle & powertrain measurement

Network,
Polynomial, etc.)
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Reagression based controls:
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Summary

Part 2 : Real time control
1) Introduction

Il) Regression based algorithms

I11) ECMS Family
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 Basic control scheme

W(t)
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ECMS fami ly VPPC 2014

IR RERANSN VT T

Time (s)

Battery limit reached

Obviously keeping the co-state constant is quite dangerous.
— Simplest solution : ESS state control
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ECMS family PPC 2016

 Basic control scheme : ESS state control

W(t)
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State trajectory:
« System Dynamics :

x() = x, +1:f(t,H(W(t),/l(t)),W(t),x(t))~dt

i—1
x (i) =x,+ ) £ (6T (i), 4(0)). 77 (i),x()) - s
i=0
=> So everything is more or less the same as for the continuous case
Let us recall:

« If the future driving are known, then the co-state can be computed,
« then we could have an optimal real time algorithm

S. Delprat
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Vehicle on predefined routes DS 20

\
Vehicles on a predefined route: Bus, delivery trucks, cleaning machines, etc.
« The vehicle itinerary is known

« Traffic is a disturbance
. * How can we use this information ?

g

/S. Kermani PhD Thesis/
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Vehicle on predefined routes  =veec 212,

4 Vehicle Speed

Ref. Driving cycle

Actual Driving cycle

: [/ ] :
Distance

(m)

Soc(%)

f _real

X

desire
Distance

(m)
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Vehicle on predefined routes  =vrrc 2oi4c.

Battery energy consumption

Electric

Fuel consumption machine

Vehicle speed
Clutch Vehicle
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Implementation details:

The future driving conditions are given by a reference driving cycle

The prediction horizon starts, on the reference driving, at the actual covered
distance

Pre-compute the battery usage on a 4D maps x(i+N,,,)=x(i)+ Y. M((:).7(j))s
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Vehicle on predefined routes  =vrrc 2oi2s.

x(N) —x(0) = 0,03% Fuel cons. = 2,94 I/100km vs Optimal : 2,93 I/100km Deviation : 0,5%
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Actual 1,5L Diesel engine 60 kW
Emulated vehicle : Clio Il
Euro Il

\_ 2 routes, SOC target variations

N
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S. Delprat

Experimental results:

The algorithm can be executed in real time
One of the experimental driving cycle is chose as reference
A second driving cycle is used for the experiment

x(N) —x(0) = —1,52 % Fuel cons. = 3,16 I/100km

[a &}
= T i Cwicle ref Cwiole reel il T
= = a0 - —
3 MWWM
4y =L
(o)
L
[al]
g 0 1 1 1 1 1
o 500 1000 1500 2000 2500 3000 3500
@D 200 T T T T T T
=
=
2 E 100 -
= Fb\
o
3 0o 1 1 1 I 1
e o 500 1000 1500 2000 2500 3000 3500
% S0 T T T T T T
=
E femmnd
=E 0 N
P
[y
=
[ ) _5D 1 1 1 1 1 1
= o 500 1000 1500 2000 2500 3000 3500
an 55 T T T
gy | Cycle_ref Cycle_reel |
e
E w =1H] ]
= I
@ E s5f -
=
) 50 1 1 1 1 1 1
o 500 1000 1500 2000 2500 2000 2500
—4 T T T T T T
= -G ——I—| ]
|
= a8t -
_‘] D 1 1 1 1 1 1
o 500 1000 1500 2000 2500 3000 3500

Distance (M)

39



Vehicle on predefined routes  =vrrc 2oi2s.

Cycle Urahin, Strategie : 4_PRES Apres control strategy:
55 T T T T T

ol strategy

1)
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Let us remember....

State of charge at the end of the driving cycle

x(i+ N,y ) =x (1) +v(i) & Y M(A(1), 7 (j)) s =v(7)

The sum is not ordered => Consider the frequency distribution of W:

ZM(i(i),W(j))-s=gﬂ(z)-M(i(i),m)-s

jeJ

“‘M}W » SpaCe quantification
| 1IN - ul)

1L | 1
0 100 200 300 400 500 600 700 800 900
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The sum is not ordered => Consider the frequency distribution of W:

ZM(Q(,-),W(j)).s=gﬂ(z).M(i(i),W,)s

jeJ

less computation if Np,..q > n
« The frequency distribution of W is piecewise constant

Highway Outer Urban

Outer Urban
Tl Urba_n Urban '

—=
=3
p=3

W frequency distribution

wn
p=

Frequency x 200 (Hz)

=)

Example: Vehicle speed frequency
distribution over a 54 km

long trip

Windows length : 200 s

80

140

120

60 L

40

20
o, (kmh)
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Predictive control NPPC 20146

Frequency distribution assumption

Predicted Measured

ZM(i ) SNZM( = (J=1)N s Ny =1
FUTURE = PAST - //;/L;’I;ij///
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Predictive control

Prediction errors
disturbances
— Slowest sampling period

—— Fastest sampling period

_ Prediction, optimization, powertrain
Correction

Xj
control, ESS dynamics ®

X=X,+v,+d, +p,
= Linear controller insure stability

_ = Input to State Stability apply

" Soc Correction : adjust the SOC target according to disturbances )

/
. -, A
Best performances with respect to prediction errors:
=> Proportional K=1
S Persistent disturbances rejection:
= => P| controller
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Outline of the Apgrep_algorithm:

Computation of 4, using the assumption

VJZOZM( ’ )

Minimum principle]

u(i) =114 (i)

Soc

SOC / . / Powertrain
Control
setpoint

Wi
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Slow sampling time : Npred s Fast sampling time : s

—EE—

Powertrain
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Experimental results : Mixed driving conditions
* 1h10min long

 Different driving condition
* SOC control is ok => Hypothesis holds in practice
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Experimental results : Outer Urban driving conditions
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o

EX%CI‘I

mental results : Outer Urban driving conditions

x(0)~ 60%
12(0)=-6x107
Nossr = Noazp =1000, N, =100

>

ASOC Cons Deviation
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0,12% 3,301/100km 0,61%
- FL(opti) 0,12% 3,281/100km /
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Cycle - Urhain, Strategie : & PRED

Apres control strateg

Cons_0G = 3281100k, delta_SOC=0.127%
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Designing energy management algorithm for hybrid vehicle is a challenging task.

Several theoretical points have to be well understood.

Some of them are directly related to the choice of a particular model
structure
» Sparse IC engine maps or EM maps => A lot of singular controls
« Convex model => analytical Hamiltonian minimization

Some of them are related to the powertrain design
« State constraints related with ESS size

But theory is not all, practicing is necessary :
* Driving cumfort

* Mode transitionning

* Noise

« Thermal management

S. Delprat
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Designing energy management algorithm for hybrid vehicle is a challenging task.

Several theoretical points have to be well understood.

Some of them are directly related to the choice of a particular model

structure
» Sparse IC engine maps or EM maps => A lot of singular controls

« Convex model => analytical Hamiltonian minimization

Some of them are related to the powertrain design
« State constraints related with ESS size

But theory is not all, practicing is necessary :
* Driving comfort

* Mode transitioning

* Noise

« Thermal management
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Conclusion

Thank you for your attention

Theory is when one knows everything but nothing
WOrKS.

Practice is when everything works but nobody
knows why.
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